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Abstract

Visual geometry learning aims to recover 3D geometry information i.e., surface nor-
mal, depth maps and camera poses from images. As a classic task in computer vision,
this problem has been studied extensively for decades. It contains depth completion,
stereo matching, monocular depth estimation, optical flow, visual odometry, struc-
ture from motion and efc. This thesis is dedicated to solving these problems from
both conventional learning and deep learning perspectives.

Like most data-driven methods, supervised deep learning-based methods require
a large amount of labeled training data and suffer limited generalization ability. Self-
supervised learning is a technique that allows a network to learn feature represen-
tations without labeled data. In this thesis, we investigate the problem of applying
self-supervised learning techniques to visual geometry learning and push the limit
of the state of the art in terms of accuracy, speed, and generalization ability in visual
geometry recovery tasks.

In the depth completion task, two conventional optimization-based methods are
proposed. The first one assumes a dense depth map can be approximated by a
weighted sum of a set of principal components and enforces this assumption as a
global geometric constraint. A colour-guided auto-regression model is applied to
make the estimated depth map have sharp object boundaries. The proposed method
can be efficiently solved in a closed form and outperforms previous methods. The
other method further enforces a piecewise planar model to depth completion task
and formulates it as a continuous Conditional Random Field (CRF) optimization
problem. Experiments show that the proposed method is faster and more accurate
than previous methods.

In the stereo matching task, we propose to solve this problem through a deep
self-supervised framework. Conventional optimization-based methods often require
several seconds to minutes to process a sample, which makes them infeasible for
time-critical applications such as autonomous driving and robotics. Moreover, super-
vised deep methods often require a large number of ground truth labels for training
and suffer limited generalization capability. By leveraging self-supervised learning,
our self-supervised stereo matching networks will not need any labeled data and
can adapt themselves to new scenarios on-the-fly. The key idea is to make several
assumptions of scenes and formulate them into loss functions, then optimize them
through backpropagation. The loss functions are similar to the energy functions in
conventional optimization-based methods but we are allowed to use more complex
loss functions to describe a scene more precisely. Experiments demonstrate that the
proposed methods have better performance in terms of both speed and accuracy.
A similar strategy is also applied to the LiDAR-Stereo fusion task. A “feedback
loop” is proposed to deal with the noise in LIDAR measurements. We also extend
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stereo matching to stereo video matching problem by utilizing convolutional LSTM
modules to handle temporal consistency in videos. To deal with time-critical applica-
tions, we present a super-efficient stereo matching network structure that can process
HD images at 100 FPS. We also leverage AutoML techniques i.e., neural architecture
search (NAS), to find an optimal architecture for deep stereo matching and achieve
top 1 accuracy among various benchmarks with far less trainable parameters.

We further define a new problem called single mixture image depth estima-
tion. Here, the single image can be a mixture of a stereo pair in a form of [ =
al’ft + (1 — a)I"$". Depending on the choice of a, this task can be seen as Red-
Cyan depth, Double vision depth, and monocular depth estimation. Instead of brute
force regressing depth from a single image, we divide the task into two sub-tasks:
image separation and stereo matching. We first decouple the mixed image through
an image separation module and then do stereo matching on the separated pairs.
The whole system only needs original stereo pairs as supervisions and has better
performance than previous methods.

In the optical flow task, we investigate multiple ways to enforce the global epipo-
lar constraint in self-supervised optical flow estimation. For stationary scenes, a fun-
damental matrix constraint is present. We first estimate a fundamental matrix from
matching points and regularize optical flow with the Sampson distance. For dynamic
scenarios, we propose a low-rank constraint and a union-of-subspaces constraint.
They avoid explicitly computing the fundamental matrix as well as multi-motion es-
timation. Experiments on various benchmarks demonstrate the effectiveness of our
method.

In the structure from motion (5fM) task, we revisit existing deep learning-based
approaches and find that they all formulate the problem in ways that are funda-
mentally ill-posed, relying on training data to overcome the inherent difficulties. In
contrast, we propose a new deep framework that leverages the well-posedness of the
classic SfM pipeline. We also propose a scale-invariant matching module to handle
the scale ambiguities in the monocular SfM task. Our framework outperforms all
state-of-the-art two-view SfM methods by a clear margin on various benchmarks in
both relative pose estimation and depth estimation tasks.

Apart from these tasks, we also show how to apply geometry information to
high-level computer vision tasks, i.e., RGB-D semantic segmentation. We propose
a natural and direct 3D representation to encode RGB-D data and regularize them
with a light-weighted 3D convolutional network. State-of-the-art performance of our
method on various datasets suggests that such a simple 3D representation is effective
in incorporating 3D geometric information.
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Chapter 1

Introduction and Literature
Overview

1.1 Introduction

3D geometry information is important for a wide range of applications such as au-
tonomous driving, robotics, virtual and augmented reality, action recognition, face
recognition, and so on. Recovering such information has become one of the most
fundamental and important topics in computer vision. Although it has been exten-
sively studied for several decades but is still far from a solved problem. 3D geometry
information can be either extracted from camera images or measured by active rang-
ing sensors (e.g.,, RADAR, LiDAR, Time-of-Flight (ToF) camera, and structured-light
sensor). The former can be traced back to the cooperative computation of stereo
matching in 1976 [1] and the latter begins with structured light in the early 1970s [2].
The fusion of cameras and ranging sensors are also of high interest [3]].

Visual 3D geometry information recovery refers to estimating dense depth maps
and motions of a scene from the data acquired by a vision system. Five typical visual
3D geometry recovery problems exist in computer vision: i) depth completion, ii) stereo
matching, iii) single image depth estimation, iv) optical flow, and v) structure from motion.
Depth completion is the problem of interpolating a set of sparse depth points in a
scene. It often takes a sparse depth map and a reference image as inputs. The sparse
depth map is generated by projecting the set of sparse depth points to the reference
image plane. The goal of this task is to generate a dense depth map corresponding
to the reference image. Stereo matching mimics human stereo vision and tries to
recover a dense depth map from a pair of rectified stereo images. Since the depth
is inversely proportional to the displacement (disparity) of each pixel, estimating the
depth is, in theory, equivalent to estimating the disparity. Single image depth estimation
aims to estimate a depth map from a single image. The single image here can be a
monocular image, a red-cyan image, a double vision image, or other forms of mixture
images. Given a mixture image, the problem is to estimate a dense depth map from
the mixture image and unmix the image into two images. The optical flow task is to
compute per-pixel movement on the image plane between two consecutive frames.
It serves as an essential step for motion estimation. The task of structure from motion
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is trying to recover both the camera motion and the dense depth map of each frame
from a monocular video.

Back to early 2010s, researchers often solved these problems by graph-based
energy minimization methods including graph cut [4], min-cut/max-flow [5] and
exact optimization [6], or semi-global methods [7]. Beginning with the success of
deep convolutional networks on the 2012 ImageNet Challenge [8], deep learning has
overwhelmed the computer vision community with its ability to achieves top scores
across different fields and benchmarks. By providing a large amount of training data,
a deep network can be well trained through backpropagation. We refer to the former
methods as traditional methods and the latter as deep methods. Traditional methods
and deep methods both have their own advantages and drawbacks. In traditional
methods, they first build a target energy function with two major components: a
data term and a regularization term. The data term contains a condition that each
pixel should satisfy while the regularization term constraints neighbouring pixels.
Then they minimize the energy functions iteratively or in closed-form. The advan-
tage of these methods is that they do not require ground truth labels, whereas the
drawback often lies in the long processing time. On the other hand, as data-driven
methods, deep methods still suffer from some well-known drawbacks such as re-
quiring a large amount of labeled training data, and limited generalization ability to
unseen domains.

To remedy this drawback, the concept of self-supervised learning is proposed. In
1994, Virginia et al. [9] first introduce the self-supervised learning in the image classi-
fication task. Instead of using human-annotated labels as supervision, they minimize
the disagreement between the outputs of network processing patterns from different
sensory modalities and achieve similar performance than supervised methods. In
the deep learning era, we often leverage the self-supervised learning technique to
extract features from large unlabeled data. It can be done by defining a series of
pre-designed tasks where their labels can be automatically generated and train a net-
work with these tasks. There are various of pre-designed tasks including colourizing
grayscale image [10], image inpainting [11], image jigsaw puzzle [12], classifying
corrupted images [13]. With these self-trained features, we can fine-tune them to a
specific task with limited human-labeled data and achieve better performance.

Most visual geometry problems can be solved using self-supervised learning tech-
niques as the training signals can be automatically generated by exploiting relations
between input signals and prior knowledge of the output. For example, by assuming
Lambertian surfaces, we can use image warping errors [14] to supervise the matching
process in stereo matching [15]], optical flow [16] and structure from motion. We can
also add some priors of a scene to get better performance such as smoothness [14],
left-right consistency [14] and epipolar constraints [16].

In this thesis, we leverage both traditional methods and deep methods to solve
the above 3D geometry recovery tasks. Specifically, we use traditional methods to
solve the depth completion problem and self-supervised deep learning-based methods
to solve the rest. Through this technique, our methods can self-adapt to different
unseen scenarios in an online tuning scheme.
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Input: RGB-D from sensor Complete Depth Input: RGBE-D from sensor Complete Depth

Figure 1.1: !Illustration of depth completion. Given a sparse depth map and its
reference image, depth completion task is to fill the missing depth values to achieve
a dense depth map.

1.2 Visual Geometry Recovery

Visual geometry recovery aims to extract 3D geometry information such as depth
maps and motions from the data obtained by cameras or range sensors. Five visual
geometry estimation problems are considered in this thesis: 1) depth completion, 2)
depth from a stereo camera, 3) depth from a single image, 4) image motion from a monocular
camera and 5) depth and camera motion from a monocular video. We will introduce these
problems as follows.

1.2.1  Depth Completion

Given an incomplete depth map, as illustrated in Figure [I.T} depth completion task
is to fill the missing depth values to get a dense depth map. A colour image that is
captured with a camera is often used as the guided image. Since most range sensors
can only achieve sparse or semi-dense depth maps, completing missing depth values
can increase the quality of depth maps for better applicability. This task has drawn
increasing attention recently due to the rising interest of autonomous driving, aug-
mented /virtual reality and robotics. Although this task can be partially addressed
by traditional image in-painting techniques, extra knowledge such as depth smooth-
ness, normal smoothness, colour guidance and efc. is yet to be utilized for achieving
an accurate dense depth map.

Depth completion includes three sub-tasks: depth inpainting, depth super reso-
lution and depth reconstruction from sparse samples. Anisotropic diffusion is
a popular method for image inpainting, and it has been successfully adapted to the
depth inpainting task in [19]. Energy Minimization based depth inpainting methods
take characteristics of depth maps as a regularization term in energy min-
imization and generate more plausible results. Exemplar-based Filling works
well in image inpainting but creates extra challenges in depth inpainting due to the
lacking of textures in depth maps. Matrix Completion assumes that a depth
map lies in a low-dimensional subspace and can be approximated by a low-rank

IFigures are from [17].
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matrix. The main goal for depth super-resolution task is to increase the spatial reso-
lution of a depth image to match a high resolution colour image. The low-resolution
depth maps are completed in this case. By assuming depth discontinuities are often
aligned with colour changes in the reference image, this task can be solved through
Markov Random Fields (MRF) [24, 25]. Such methods can be easily adapted to depth
reconstruction from sparse samples task as they do not require the depth points
to be regularly sampled [26]. In order to intensively use the structural correlation
between colour and depth pairs in colour guided depth super-resolution, non-local
means (NLM) was introduced as a high-order term in regularization [27]. [28] swaps
the Gaussian kernel in the standard NLM to a bilateral kernel to enhance the struc-
tural correlation in colour-depth pairs and proposed an adaptive colour-guided auto-
regressive (AR) model that formulates the depth upsampling task as AR prediction
error minimization, which owns a closed-form solution. A few approaches employ
sparse signal representations for guided upsampling making use of the Wavelet do-
main [29], learned dictionaries [30] or co-sparse analysis models [31]. [32] and [33]
leverage edge-aware image smoothing techniques and formulate it as a weighted
least squares problem while [33] also applied coarse-to-fine strategy to deal with
the very sparse situation. [34] proposed an efficient depth completion algorithm that
achieves the state-of-the-art performance on KITTI depth completion benchmark [35]
that only uses image processing operations.

Deep network is firstly introduced to the depth super-resolution task in early
2016. By treating a depth map as a gray-scale image, image super-resolution net-
works [36] can be directly applied [37]. Riegler et al. [38] proposed a deeper depth
super-resolution network that has faster convergence and better performance. A
natural barrier for applying deep methods to other depth completion tasks is the
irregular depth pattern as standard convolution layers are designed for regular grid
inputs. Sparsity Invariant CNNs [35] addresses this problem and tried to handle the
sparse and irregular inputs by introducing invalid masks in convolution layers. On
the other hand, [39] claims that standard convolution layers can handle sparse inputs
of various densities without any additional mask input. In [40], it proves that lever-
aging semantic information can improve the depth completion performance. [17]
utilizes a deep network to infer the surface normal and occlusion boundaries from
colour images and inpaint raw depth maps through a global optimization. The Sur-
face normal constraint is also applied to depth reconstruction from sparse samples
task as well [41], 42].

1.2.2 Depth From A Stereo Camera

Similar to human, a machine can recover dense depth maps from a stereo camera.
As shown in Figure stereo matching aims to find matching points between a
pair of rectified stereo images in horizontal scan-lines and generate a disparity map.
Then a depth map can be easily recovered from the disparity map using the equation
Bf/d, where B is the stereo baseline, f is the focal length and d is the disparity. Stereo
matching has been extensively studied for decades in computer vision and numerous



§1.2 Visual Geometry Recovery 7

methods have been proposed throughout the years.

In 1976, Marr et al. [1] proposed two physical constraints that stereo matching
should satisfy: 1) uniqueness, and 2) continuity. Uniqueness means that for any
points in an image, there should be at most one matched point in the other image.
The continuity means disparities change slowly in most parts. More assumptions
have been proposed later on, e.g., brightness constancy constraint that matched points
should have similar intensities, ordering that matched points should be in the same
order in both views, and scanline search that the matched points should be on the
same row of the stereo pairs. These assumptions have been leveraged in both local
and global methods. Local methods [43, 44] often follow four consecutive steps: 1)
compute costs at a given disparity for each pixel; 2) sum up the costs over a window;
3) select the disparity that has the minimal cost; 4) perform a series of post-processing
steps to refine the final results. These methods gain speed but lose accuracy as they
only consider local information. On the other hand, global methods [45] 46] treat the
image as an undirected graph and try to assign each node with a disparity that min-
imize a global energy function. Depending on the energy function, global methods
may achieve global optimal but are often slow in optimization. Semi-global matching
(SGM) [7] is a compromise between these two extremes, which could achieve more
accurate results than local methods without sacrificing speed significantly.

The first deep stereo matching algorithm is proposed in [47], which utilizes a deep
network to learn better features and costs. One of the advantages of deep networks
is that they can learn to deal with difficult scenarios, such as occlusions, repetitive
textures or textureless regions, from ground truth data. Most deep stereo methods
follow the traditional stereo matching pipeline and try to replace parts of them with
a deep network. For example, Seki et al. [48] tries to learn a better regularization
term, Khamis et al. [49] aims to learn a better refinement and Zhang et al. [50]
proposed a better cost aggregation. Another trend of deep stereo matching is to allow
a network to directly regress a disparity from inputs [51} 52,53} 54] using an encoder-
decoder structure. These methods often suffer generalization issues [15] and are
vulnerable to adversary attacks [55]. Rather than direct regression, GCNet [56] and
its followers [50, [14, 57] propose a volumetric structure that embeds the traditional
stereo pipeline. It builds a 4D feature volume using features extracted from stereo
pairs, and processes it with multiple 3D convolutions. The concept behind is semi-
global matching. However, they suffer from high processing times and high GPU
memory consumption.

1.2.3 Depth From A Single Image

Depth from a single image originally means monocular depth estimation, i.e., in-
ferring depth from a monocular image. In this thesis, we extend this concept to
inferring depth from a single mixture image. The mixture image I is a composition
of an original stereo image pair I} and Iy, i.e., I = f(Ir,Ir)), where f(-) represents
different image composition operators to generate the mixture image. As illustrated

2Figures are from [58].
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Displacement Stereo Matching

(Stereo Baseline)

Right 2D Image

Disparity Map ]

Figure 1.2: “Illustration of stereo matching. Given a pair of rectified stereo images,
the stereo matching task is to find corresponding points in the horizontal scan-lines
and generate a disparity map.

in Figure the task is to recover the stereo pairs Iy, Iz as well as the dense depth
map simultaneously. We define the first sub-task as view recovery and the other one
as depth recovery. The view recovery appears to be a blind signal separation (BSS)
task, i.e., separating an image into two different component images. Traditional BSS
methods are not suitable for our task as they assume the two component images are
statistically independent [59]. Such assumptions do not hold in our view recovery
task. Similarly, other image layer separation methods such as reflection removal and
highlight removal methods [60, |61] will not work well in our problem. Based on the
image composition operators, our task can be treated as de-anaglyphy, double vision,
view synthesis and monocular depth estimation, and so on.

Double vision is the simultaneous perception of two images (a stereo pair) of
a single object in the form of a single mixture image. Specifically, a double vision
image (cf. Figure can be constructed by I = f(I,Izr) = (I + Ir)/2, ie., , the
image composition is f a direct average of the left and the right images. It is a
highly ill-posed problem as the two images are highly correlated. It can be seen as
a constraint case of debluring task that needs to simultaneously recover two clean
images as well as the encoded depth map. To the best of our knowledge, there are
no previous methods that address the same problem. In this thesis, we propose
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Depth Recovery s

Red-cyan Image ! Recovered Depth Map

Figure 1.3: Illustration of depth from single mixture image. The task is to recover a
dense depth map and restore full colour images from one type of mixture image.

a novel deep-learning based solution to this problem. Our network consists of an
image separation module and a stereo matching module, where the two modules
are optimized jointly. Under our framework, the solution of one module benefits the
solution of the other.

De-anaglyphy is to restore full colour stereo pairs from a red-cyan image and
estimate its disparity maps. An anaglyph (cf. Figure [1.3) is a single image created
by selecting chromatically opposite colours (typically red and cyan) from a stereo
pair. Thus given a stereo pair I, Ig, the image composition operator f(-) is defined
as I = f(Ir, Ir), where the red channel of I is extracted from the red channel of I
while its green and blue channels are extracted from Ir. Traditionally it can be done
by matching cross channel points between red-cyan images or iteratively solving
the problem for colour restoration and stereo computation [63].

View synthesis and monocular depth estimation is to infer an image captured
from another view from the given image [64] and estimate a dense depth map [65].
In this case, the mixed image will be I = f(I1, Ig) = I;. Given the input I} and the
synthesised right image g, we can compute a dense disparity map. By jointly opti-
mizing these two tasks, we can achieve better synthesised images that obey geometry
constraints.

Besides academic interest, this task also has wide applications. For de-anaglyphy,
there are thousands of anaglyph videos where the original stereo images are not nec-
essarily available. Recovering stereo images and their corresponding disparity maps
will significantly improve the users’ real 3D experience. For double vision, it can be
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Figure 1.4: Illustration of optical flow. Optical flow is defined as a dense pixel-wise
movement between two consecutive frames.

treated as a wide baseline deblur problem and we proved that the depth information
can be recovered from blurred images. For monocular depth estimation, it provides a
good prior depth information for Simultaneous Localization And Mapping (SLAM),
semantic segmentation, bokeh effects, and so forth.

1.2.4 Image Motion From A Monocular Camera

We refer image motion as the apparent movements of pixels between two consec-
utive frames. In computer vision, it also refers to optical flow problem [66]. Fig-
ure [I.4] visualizes flow vectors and coloured flow fields in the UCL dataset [67], MPI
Sintel dataset[68] and Middlebury Flow dataset [69]. Optical flow estimation is a
fundamental problem in computer vision with many applications. Since Horn and
Schunck’s seminal work [66], various methods have been developed using varia-
tional optimization [70, 71} [72], energy minimization [73} 74, [75, 76|, or deep learn-
ing [77, 78} [79, 80]. Although optical flow has been extensively studied for several
decades, estimating dense and accurate flow field is still a challenging task, especially
for large motions and textureless areas and thus remains an active topic in computer
vision.

Optical flow and stereo matching are similar in the sense that they both aim
to find the pixel correspondence between a pair of images. They share the same
assumptions such as brightness constancy and continuity. The difference between
them is that the searching space in optical flow increases from 1D to 2D compared
to stereo matching. Depending on the way of enforcing the continuity constraint,
traditional optical flow methods can be classified into local methods [81] and global
methods [66].
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Local methods compute flow vectors within a local patch independently. A well-
known technique for local methods is PatchMatch [82]. It assumes that a large num-
ber of random guesses often contain good initials and neighboring pixels should
have coherent matches, therefore we can propagate matching points information to
their neighbors once a good match is found. PatchMatch is able to handle large
displacements, and becomes popular in optical flow and stereo matching problems
[83] 84].

Global methods consider the global smoothness of the whole image. They of-
ten formulate this problem as energy optimization that contains a data term and a
global smoothness term. These methods attract more attention than local methods
as they often have better accuracy, especially for textureless regions. Global methods
can also cooperate with geometry constraints. By assuming the scene is mostly rigid,
Valgaerts et al. [85] introduce a variational model to simultaneously estimate the fun-
damental matrix and the optical flow. Wedel et al. [86] utilize the fundamental matrix
prior as a weak constraint in a variational framework. Yamaguchi et al. [87] convert
optical flow estimation task into a 1D search problem by using precomputed funda-
mental matrices and the small motion assumptions. In their methods the dynamic
regions are treated as outliers. Instead, Wulff et al. [88] use semantic information
to split the scene into dynamic objects and static background and only apply strong
geometric constraints on the static background.

Recently, end-to-end learning based deep optical flow approaches have shown
their superiority in learning optical flow. Given a large amount of training sam-
ples, optical flow estimation is formulated to learn the regression between an image
pair and corresponding optical flow. These approaches achieve comparable perfor-
mance to state-of-the-art conventional methods on several benchmarks while being
significantly faster. FlowNet [77] is a pioneer in this direction, which needs a large-
size synthetic dataset to supervise network learning. FlowNet2 [78] greatly extends
FlowNet by stacking multiple encoder-decoder networks one after the other, which
could achieve a comparable result to conventional methods on various benchmarks.
Recently, PWC-Net [80] combines sophisticated conventional strategies such as pyra-
mid, warping and cost volume into network design and set the state-of-the-art per-
formance on KITTI [89, 90] and MPI Sintel [68]. These deep optical flow methods are
hampered by the need for large-scale training data with ground truth optical flow,
which also limits their generalization ability.

1.2.5 Depth And Camera Motion From A Monocular Video

The task of recovering the depth and the camera motion from a monocular video
(also known as structure from motion) severs as the foundation of 3D reconstruction
and visual simultaneous localization and mapping (vSLAM) and has a wide range
of applications, including autonomous driving, augmented/virtual reality, indoor
navigation, and robotics. Figure [1.5|illustrate the general concept of this task.

The origin of this problem can be traced back to the early 1980s that Longuet-
Higgins [91] proves that the camera poses as well as the depth maps can be computed
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Figure 1.5: Illustration of structure from motion. The structure from motion task is
trying to recover camera poses and depth from a monocular video.

from image matching points alone without any other information. Mathematically,
. . . o . T
given a set of image matching points in homogeneous coordinates, x; = [x; y; 1]
and x; = [x} y} 1] with known camera intrinsic matrix K, the SfM task is to find
a camera rotation matrix R and a translation vector t as well as the corresponding

3D homogeneous points X; and X/ such that:
xi=K[I]0]X; x;=KI[R|t]X] Vi (1.1)

A classical method to solve this problem consists of three consecutive steps: 1)
Computing the essential matrix E from the image matching points x; and x/; 2) Ex-
tracting the relative camera pose R and t from the essential matrix E; 3) Triangulating
the matching points x; and x; with the camera pose to get 3D points X; and X.

The essential matrix E can be solved with at least 5 matching points using the
equation below:

X\'K"TEK 'x; =0 Vi (1.2)

R and t can be computed from E using matrix decomposition such that E = SR,
where S is a skew symmetric matrix and R is a rotation matrix. Since for any non-
zero scaling factor o, [at] R=u t] R = aE provides a valid solution, there is a
scale ambiguity for relative camera pose estimation. The 3D points X; and X’ can be
computed by triangulation with a global scale ambiguity. A comprehensive analysis
and review of this task can be found in [92].

Conventional Methods With decades of development and refinement, the clas-
sic standard pipeline [92] is widely used in many conventional state-of-the-art SfM
and vSLAM systems [93, 94) 95]. Since all geometry information can be recovered
from image matching points, the key is to recover a set of (sparse or dense) accurate
matching points. To this end, the pipeline often starts with sparse (or semi-dense)
distinct feature extraction and matching to get sparse matching points, as sparse /
semi-dense matching is more accurate than dense matching. To further refine the
matching results, the RANSAC scheme [96] is used to filter the matching points that
do not fit the majority motion. These outliers often include mismatches and dynamic
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objects in a scene. After retrieving the camera poses from the refined matching
points, the depth of these points can be computed via triangulation. In some cases,
if it is desired to estimate dense depth maps rather than the sparse 3D points, multi-
view stereo matching algorithms can be used to recover the dense depth maps with
the estimated camera poses.

Deep Learning Methods Deep learning technique is introduced to this task in
2017 [97, 98]. Existing deep learning based methods either formulate the problem
as pose regression and monocular depth estimation or as pose regression and multi-
view stereo matching.

The formal one consists of a monocular depth estimation network and a pose
regression network. The geometry constraints are used as self-supervisory signals
to regularize both camera poses and depth maps [97, 99, 100, 101, 102]. Because
single-view depth estimation is inherently ill-posed, these methods are fundamen-
tally limited by how well they can solve that challenging problem. For example,
SfMLearner [97] simultaneously estimates an explainability mask to exclude the dy-
namic objects while GeoNet [99] utilizes an optical flow module to mask out these
outliers by comparing the rigid flow (computed by camera poses and depth maps)
with the non-rigid flow (computed by the optical flow module). Other methods
focus on implementing more robust loss functions such as ICP loss [100], motion
segmentation loss [102], or epipolar loss [101].

The later one requires two image frames to estimate depth maps and camera
poses at test time. As a pioneer of this type, DeMoN [98] concatenates a pair of
frames and uses multiple stacked encoder-decoder networks to regress camera poses
and depth maps, implicitly utilizing multi-view geometry. Similar strategies have
been adapted by [103] [104, 105, 106] by replacing generic layers between camera
poses and depth maps with optimization layers that explicitly enforce multi-view
geometry constraints. For example, BANet [103] parameterizes dense depth maps
with a set of depth bases and imposes bundle adjustment as a differentiable layer
into the network architecture. Wang et al. [105] use regressed camera poses to con-
strain the search space of optical flow, estimating dense depth maps via triangulation.
DeepV2D [106] separates the camera pose and depth estimation, iteratively updating
them by minimizing geometric reprojection errors. Similarly, DeepSFM [107] initiates
its pose estimation from DeMoN [98], sampling nearby pose hypotheses to bundle
adjust both poses and depth estimation.

1.3 Self-supervised Learning

The concept of self-supervised learning can be traced back to 1989 [108] and is ap-
plied to computer vision in 1994 [9] for the image classification task. Self-supervised
learning is a machine learning technique that tries to train a neural network with
automatically generated labels. The intuition behind self-supervised learning is
straightforward. Manually labeling a large dataset is laborious and time-consuming,
and we can avoid this step by using this technique. There are multiple ways for a
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network to learn from unlabeled data, a popular one is to train a network for some
pretext tasks first and then apply to downstream tasks. The pretext task is defined
as a pre-designed task where its objective function can be used to train a network.
There are various pretext tasks such as colourizing grayscale image [10], image in-
painting [11], image jigsaw puzzle [12], classifying corrupted images [13], and etc.
The downstream task is an objective application that can evaluate the performance
of the self-supervised network. It is often a high level computer vision task such as
object detection, semantic segmentation, image classification, human action recog-
nition, and etc. The pretext task aims to learn a good feature representation from
unlabeled data and the downstream task reload the features and fine-tune them to a
specific task in a supervised/self-supervised way.

Self-supervised learning is slightly different in visual geometry tasks. In high
level computer vision tasks, the high level information such as semantics and objects
is based on human knowledge, whereas, in visual geometry tasks, the geometry
information is inherent in images. Therefore, there is no difference between pretext
tasks and downstream tasks in self-supervised visual geometry problems. Both of
them can be solved with the same objective function without the need of ground
truth labels.

The self-supervised learning is introduced to visual geometry tasks in 2016, e.g.,
monocular depth estimation [109], structure from motion [97], stereo matching [14],
and optical flow [110, 111]. For depth estimation tasks, similar to conventional
methods, photometric warping errors are proposed to drive the network in an self-
supervised way, e.g., [112,[109, 97, 113} [14]. Zhou et al. [97] propose an unsupervised
method which is iteratively trained via warping error propagating matches. The au-
thors adapted TV (total variation) constraint to select training data and discard un-
informative patches. Inspired by recent advances in direct visual odometry (DVO),
Wang et al. [114] argue that the depth CNN predictor can be learned without a pose
CNN predictor. Luo et al. [115] reformulate the problem of monocular depth estima-
tion as two sub-problems, namely a view synthesis procedure followed by standard
stereo matching.

For optical flow, instead of using ground truth flow as supervision, Yu et al. [110]
and Ren et al. [111] suggest that, the image warping loss can be used as supervision
signals in learning optical flow. However, there is a significant performance gap
between their work and the conventional ones. Then, Simon et al. [116] analyze the
problem and introduce a bidirectional census loss to handle illumination variation
between frames robustly. Concurrently, Yang et al. [117] propose an occlusion-aware
warping loss to exclude occluded points in error computation. Very recently, Janai et
al. [118] extended two-view optical flow to multi-view cases with improved occlusion
handling performance.
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1.4 Thesis Outline

Based on the problem setting, visual geometry recovery can be divided into four
sub-tasks, including depth completion, stereo matching, depth from a single image,
optical flow and structure from motion. The thesis is divided into five parts and each
part addresses one sub-task as follows.

Part I: Learning depth completion

We propose two traditional depth completion methods. In Chapter 2, we assume
that depth maps of a general scene lie on low dimensional sub-spaces. Given a
set of sparse depth points, we can regress to a dense depth map using a set of
full-resolution principal depth bases. These principal components of natural depth
fields are learned from computed depth maps and the dense depth maps can be
compactly approximated by a weighted sum of these bases. We propose a unified
depth completion algorithm using learned principal component analysis (PCA) bases
and can be efficiently solved in a closed form solution. In Chapter |3, we add a piece-
wise planer model together with the previous PCA bases in depth completion task
and solve it through tree-reweighted message passing (TRW-S) [119] scheme.

Part II: Learning depth from a stereo camera

We present a self-supervised stereo matching network which can be trained with-
out the need of ground truth disparities (depths). Similar to conventional methods,
we leverage a general illumination consistency assumption that a warped left/right
image should be identical to the original corresponding left/right image. A con-
volutional Long Short-Term Memory (LSTM) module has been proposed to handle
temporal information in stereo videos. A new efficient stereo matching architecture
is also proposed that can process a pair of 540p stereo images over 100 FPS. To re-
lief human burden in network architecture design, we propose a hierarchical neural
architecture search scheme for deep stereo matching and achieve state-of-the-art ac-
curacy on various benchmarks. We also investigate a scenario that a LiDAR and a
stereo camera co-exist which is very common in autonomous driving vehicles. We
propose a noise aware unsupervised LiDAR-stereo fusion network to automatically
correct error LiDAR points and predict accurate and dense depth maps.

Part III: Learning depth from a single image

In this part, we study a problem of recovering depth from a single mixture image
without ground truth depth maps. It can be done by decoupling a mixture image
into a pair of stereo images and then computing disparities from them. Depending on
the mixture type, we examine our method on red-cyan, double vision and monocular
images.
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Part IV: Learning dense correspondence from a monocular camera

In this part, we propose an unsupervised optical flow network that utilizes global
epipolar constraint for both stationary and dynamic scenes. For stationary scenar-
ios, we use the fundamental matrix constraint. For stationary scenarios, we utilize
our novel low-rank constraint as well as the union-of-subspace constraint to handle
dynamic objects.

Part V: Learning depth and camera motion from a monocular video

In this part, we revisit the problem of deep two-view SfM and propose a new deep
SfM pipeline that follows the classic pipeline in which features are matched between
image frames to yield relative camera poses, from which relative depths are estimated.
By combining the strengths of deep learning within a classic pipeline, we are able to
avoid the ill-posedness in previous deep SfM methods, which allows our approach to
achieve state-of-the-art results on several benchmarks in both relative pose estimation
and depth estimation.
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Learning depth completion
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Chapter 2

Efficient Depth Completion Using
Learned Bases

In this chapter, we propose a new global geometry constraint for depth completion.
By assuming depth maps often lay on low dimensional subspaces, a dense depth
map can be approximated by a weighted sum of full-resolution principal depth bases.
The principal components of depth fields can be learned from natural depth maps.
The given sparse depth points are served as a data term to constrain the weighting
process. When the input depth points are too sparse, the recovered dense depth
maps are often over smoothed. To address this issue, we add a colour-guided auto-
regression model as another regularization term. It assumes the reconstructed depth
maps should share the same nonlocal similarity in the accompanying colour image.
Our colour-guided PCA depth completion method has closed-form solutions, thus
can be efficiently solved and is significantly more accurate than PCA only method.
Extensive experiments on KITTI and Middlebury datasets demonstrate the superior
performance of our proposed method.

2.1 Introduction

Acquiring dense and accurate depth measurements is crucial for various applications
such as autonomous driving [120], indoor navigation [121], robot SLAM[122], virtual
or augmented reality [123]. However, due to the limitation of current depth sensing
technology, captured depth maps are often in a sparse form (i.e., LIDAR) or suffering
severe data missing problem on transparent and reflective surfaces (i.e., Microsoft
Kinect, Intel RealSense, and Google Tango). How to effectively interpolate these
sparse depth points becomes an active topic recently.

Depending on the input modalities, the depth completion task can be subdivided
to depth inpainting, depth super-resolution and depth reconstruction from sparse
samples. Lots of works have been proposed to address this problem. For conven-
tional methods, researchers often employ Markov Random Fields (MRF) to interpo-
late sparse depth points by encouraging nearby points to have similar depth values.
The main drawback is that these methods often require several seconds to minutes
to process a single frame and may create lots of artifacts on recovered depth maps.
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Deep learning based methods can produce a dense depth map in real time but it
often requires lots of training data and suffers generalization issues.

In this chapter, we propose a general geometry constraint for the depth comple-
tion task. It is based on an observation that a generic depth fields can be approx-
imated by a set of low dimensional principle component bases that extracted from
natural depth maps. We then assume the recovered dense depth map should be a
weighted sum of these bases that satisfy the input sparse depth points. Moreover,
in order to deal with the over-smooth problem of the recovered depth maps, we fur-
ther introduce an auto-regression model to allow the accompanied colour images to
guide the reconstruction process. Our method has closed form solutions that can
be efficiently solve within several seconds. Moreover, since we do not make any
assumptions to the modality of the input, our method can be applied to any kind
of depth sensors. Extensive experiments on KITTI dataset and Middlebury dataset
show that our method is robust to the sparsity of the input and have good cross
dataset performance. Moreover, our method can work well even when the input
depth points are corrupted.

2.2 Background

Depth completion task can be roughly classified into two categories: conventional
methods and deep learning based methods. Here we only review the most related
methods.

2.2.1 Conventional methods

Diebel et al. [24] presented a Markov Random Fields (MRF) which uses colour infor-
mation and depth information where available. The underlying assumption is that
areas of constant colour are most likely to have constant depths. The work [25] fol-
lows the same assumption and compared five different interpolation methods with
[24]. More recently [26] proposed a flexible method that is able to up-convert the
range sensor data to match the image resolution. However, it is not a per-frame al-
gorithm that requires as least 2 successive frames. In order to intensively use the
structural correlation between colour and depth pairs in colour guided depth super-
resolution, non-local means (NLM) was introduced as a high-order term in regular-
ization [27]. [28] swapped the Gaussian kernel in the standard NLM to a bilateral
kernel to enhance the structural correlation in colour-depth pairs and proposed an
adaptive colour-guided auto-regressive (AR) model that formulates the depth up-
sampling task as AR prediction error minimization, which owns a closed-form solu-
tion. A few approaches employ sparse signal representations for guided upsampling
making use of the Wavelet domain [29] , learned dictionaries [30] or co-sparse analy-
sis models [31]. [32] and [33] leverage edge-aware image smoothing techniques and
formulate it as a weighted least squares problem while [33] also applied coarse-to-
fine strategy to deal with the very sparse situation.
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2.2.2 Deep learning based methods

Recently, deep learning based end-to-end methods were introduced to image super-
resolution [36]. Song et al. [37] extend it to the problem of depth map super-
resolution. Riegler et al. [38] proposed a deeper network for depth map super-
resolution that makes the training process much faster with better performance.
However, the main drawback for adopting deep learning to our task is the irreg-
ular pattern that makes the correlation between the depth points and their spatial
locations vary from frame to frame. Very recently, Sparsity Invariant CNNs [35] has
been proposed to handle the sparse and irregular inputs. With the guidance of corre-
sponding colour images, Ma et al. [124] extended the up-projection blocks proposed
by [125] as decoding layers to achieve full depth reconstruction. Jaritz et al. [39] pre-
sented a method to handle sparse inputs of various densities without any additional
mask input. Rather than training an end-to-end neural network to perform depth
upsampling, several algorithms leverage deep neural networks to provide high-level
cues in improving the performance, i.e., pixel-level semantic cues. With very similar
objective as our task, Schneider et al. [40] utilizes semantic input provided by fully
convolutional networks (FCNs) [126] and achieves relatively good results. However,
since their algorithm relies on semantic segmentation, their performance is largely
depended on the performance of segmentation results.

2.3 Problem statement

We define a general depth completion task as follows. Let us define a set of 3D points
that measured from a depth sensor as X = {x1,X, ..., X, }, where x; = (x;,y;,z;,1)T
is the 3D coordinate of the i point in homogeneous coordinate. P is the 3 x 4
camera projection matrix, which projects 3D points in the world coordinate to 2D
image coordinates on the image plane. T is a 4 x 4 external matrix that maps 3D
points from the sensor’s local frame coordinates to world coordinates. The depth
measurements S = {s,sy,---,s,} on the image plane can be derived as S = PTX,
where s; = (u;,v;,d;)7, (u;,v;) is the it point’s corresponding 2D image coordinate
and d; represents its depth value. The target of this task is to assign a proper depth
d; for each image point (u;, v;).

Besides the input sparse depth measurements, we could potentially have other
information such as the corresponding high-resolution colour image. With the help
of the colour guidance, we expect to predict more accurate depth value d; for each
pixel (uj,v;) on the image plane.

2.4 Method

In this section, we propose two depth completion methods. We first formulate the
depth maps as a weighted sum of PCA bases and try to solve the problem in a
closed form solution. Then we add a colour guided auto-regression model to the
formulations to boost the performance.
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(a) PCAs from KITTI (b) PCAs from NYU

Figure 2.1: The extracted first 12 PCA components.

We use the following priors on depth maps and their accompanied colour images:

1. The depth maps and the colour images have strong local correlations, i.e., the
depth map could be expressed/predicted by the colour image in local region;

2. The depth map lies in a low dimensional subspace, i.e., each depth map could
be represented as a linear combination of basis depth maps.

2.4.1 Learning Depth Map Bases

We extract PCA bases of natural depth maps with the widely used robust PCA [127]
algorithm. Note that it is possible to use other basis learning methods or sparse
coding methods to generate the bases. Considering the scale differences between
outdoor and indoor scenes, we train two set of PCA bases, one from Sequence 10 of
KITTI visual odometry dataset (Figure (a)) for outdoor scenarios and the other
from NYUV?2 training dataset [128] (Figure2.T| (b)) for indoor scene. Since the ground
truth depth maps are incomplete, we inpaint the incomplete depth maps [129] before
extracting the PCA bases.

2.4.2 PCA-based Depth Prediction

The PCA based depth prediction method consists of the following steps:

1) Extract the first k basis A from pre-existing dense depth maps using robust PCA
;

2) Define the n control points based on depth measurements X = {xq,X2, -+ , X},
where x; = (u;,v;,d;)7T;

3) The problem of dense depth prediction now can be formulated as a least squares
fitting problem:
- 2
w:argn}}InHAw—XH2 (2.1)
where w = (wl,wz,...wk)T defines the weights and A is a subset of the PCA

bases A with n x k dimensions, corresponding to the positions of available mea-
surements. There exists a closed-form solution for the above least squares problem
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as:
w = A'X, (2.2)

where A" denotes the pseudo-inverse of A.

4) Dense depth d can be predicted as:

d = Aw. (2.3)

Note that we do not use weighted PCA as we assume all sparse depth measurements
are with the same confidence.

2.4.3 Colour-guided PCA for Depth Prediction

Colour-guided smoothness term, aims at representing the local structure of the depth
map. Depth maps for generic 3D scenes contain mainly smooth regions separated by
curves with sharp boundaries. The key insight behind the colour guided smoothness
term is that the depth map and the colour image are locally correlated, thus the local
structure of the depth map can be well represented with the guidance of the corre-
sponding high-resolution colour image. The term is widely used in image colouriza-
tion, depth in-painting and depth image super resolution. We add this term together
with the previously proposed global geometry constraint term to further boost the
performance.

Denote D, as the depth value at location u in a depth map, the depth map inferred
by the model can be expressed as:

Dy =Y &(z)Dy, (2.4)

veD,

where 0, is the neighbourhood of pixel u and «(,,) denotes the colour guided
smoothness model coefficient for pixel v in the set of §,,. The discrepancy between the
model and the depth map (the colour guided smoothness potential) can be expressed
as:

2
Po(Dy) = (Du -y a(u,v)a,) . (2.5)

reo,

We need to design a local colour guided smoothness predictor a with the available
colour image.

OC(U,Z,) - 70((1/1/2;) (2.6)

where N, is the normalization factor, D is the observed depth map, I is the corre-
sponding colour image.

[X%u,v) = exp(— E HBU ° (gu _gv)Hi /(2 X 3 X 0_2)) (27)
ieC

where ¢ represents the intensity value of corresponding colour pixels, ¢ is the vari-
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ance of colour intensities in the local path around u. "o" denote the element-wise
multiplication. By represents the bilateral filter kernel: By, ) = exp(— Licc(gu —
80)?/(2 x 3 x 07 )), where 07, controls the importance of intensity difference. The
window size for 6 is set as 9 X 9 in our experiment.

With the help of colour-guided auto-regression model [28], we can formulate the
problem as a convex minimization with respect to d and w simultaneously,

1 o2 , A 2,7 2
rg},«r)i HPd—d H2+§ HQd_dH2+E |Aw —d||5 (2.8)

where P defines the observation matrix, and Q is a prediction matrix corresponding
to colour guided smoothness predictors «(, ;). The above optimization problem also
owns a closed-form solution.

Let’s denote P’ = [P,0],(I- Q)" = [I—Q,0],A’ = [I, —A],x = [d, w], then the
above equation (2.8) can be expressed as:

1 A
argmin > [P'x — d°|[; + 7 [|(1 = Q)'x; + 5 | A'x]5. 2.9)
The closed-form solution to the above optimization is achieved as:

PP+ AI1-Q)T1-Q) +vA A Nx=P"d° (2.10)

2.5 Evaluation

We evaluate our method extensively on well known KITTI stereo and visual odom-
etry (VO) datasets and Middlebury datasets with a comparison to current state-of-
the-art approaches.

2.5.1 Error Metrics
We deploy two quantitative measurements:

1) Mean relative error (MRE), which is defined as e,,; = % Zfil ‘d";]_d"‘ , where d; and

d; are the ground truth depth and depth prediction respectively. A lower MRE
indicates a better dense depth prediction performance achieved.

2) Bad pixel ratio (BPR) measures the percentage of erroneous positions in total,
where a depth prediction result is determined as erroneous if the absolute depth
prediction error is beyond a given threshold dy,. A lower BPR indicates a better
depth prediction results.

BPR and MRE measure different statistics of the dense depth prediction results,
which jointly evaluate the prediction performance.
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(a) The input: downsampled Lidar points (b) Ground truth depth map provided by the 64-
line Velodyne HDL-64E LIDAR.

Figure 2.2: Experiment setting: Taking sparse and noisy depth measurement in (a)
as input, with the learned depth map bases and the guidance of colour image, our
method outputs a dense depth map, which is evaluated against the ground truth
depth map illustrated in (b).

Table 2.1: Evaluation on the KITTI stereo 2012 dataset

Percentage PCA AR [28] Colour Guide PCA
Relative Error 5.66 10.43 3.33
Bad Pixel Ratio 18.59 13.15 10.19

2.5.2 Results on the KITTI dataset.

We perform evaluation of two subset of KITTI dataset: KITTI stereo and KITTI VO,
which both consist of challenging and varied road scene imagery collected from a
test vehicle. Ground truth depth maps are obtained from 64-line LIDAR data. The
main difference between these two is that the ground truth depth maps from the
stereo dataset were manually corrected and interpolated based on their neighbor-
hood frames. Note we only used the lower half part of the images (200 x 1226) as
the upper half part generally include large part of sky and there is no depth mea-
surements available. We down-sampled ground truth depth map with stride of 8 as
the input. Our algorithm will recover a dense depth map but we only evaluate its
performance on the original sparse depth points. An example of input and ground
truth depth map is given in Figure

In Table and Table we compare our method (colour Guide PCA) to state-
of-the-art colour guided depth interpolation approach [28] on the KITTI 2012 and
2015 datasets, respectively. In Bad Pixel Ratio, we use threshold of 3 meters. Our
method outperforms current state-of-the-art results on both dataset with a notable
margin. Our method achieves 7.10 and 8.63 performance leap for KITTI 2012 and
2015 datasets respectively.

We also perform the quantitative and qualitative evaluation of our method on
KITTI VO dataset. KITTI VO dataset consists of 22 sequences 43,596 frames which

Table 2.2: Evaluation on the KITTI stereo 2015 dataset

Percentage PCA AR [28] Colour Guide PCA
Relative Error 7.50 13.53 4.90
Bad Pixel Ratio 18.48 14.71 11.84
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Figure 2.3: Recovery results on KITTI VO dataset. top: the input sparse Lidar
points; middle: the ground truth Lidar points; bottom: the recovered dense depth
map.
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(a) Mean relative error on each sequence. (b) Bad pixel ratio on each sequence with threshold
3 meters

Figure 2.4: Quantitative results on each sequences. The error bar shows the stan-
dard deviation.

including vary driving scenarios such as highway, city and country road. In our
experiment setting, we only use the left images and Lidar points. Note, we recover
the depth every 10 frames, 4,359 frames in total.

Figure 2.3|illustrates two sample results. Note that our method even successfully
recovers the correct depth on car windows which lacks the depth measurement in
ground truth depth map.

The quantitative results are shown by sequence in Figure [2.4|and by histogram in
Figure The overall Mean relative error is 0.0569 and the Bad pixel ratio is 0.0725
with a threshold of 3 meters. Figure 2.5 also provides the comparison between PCA
and colour guided method. Our method performs notable better through out the
whole KITTI VO dataset.
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(a) Histogram of Mean relative error on KITTI VO (b) Histogram of Bad pixel ratio on KITTI VO
dataset dataset

Figure 2.5: Quantitative comparison with PCA and colour guidance methods. Our
method notably outperforms all of them.

2.5.3 Results on the Middlebury dataset.

Our proposed method can also be used as a standard depth upsampling method.
We conduct evaluation on the Middlebury dataset with 8 x upsampling rate. The
resolution of colour guide and ground truth disparity map is set to 640 x 480. In
quantitative comparison, as there are holes in ground truth disparity map, we ex-
clude these holes areas in comparison. Note we use threshold of 1 pixel in Bad Pixel
Ratio metric.

Quantitative comparison with state-of-the-art method [130] is shown in Table
and [2.4| with Mean relative error and Bad pixel ratio respectively. Our method sig-

nificantly outperform the state-of-the-art in all aspects with average margin 31.21%
in MRE and 69.67% in BPR.

Figure illustrates two sample results. Our method produce much sharper
and more accurate boundaries. The texture on background board and the words in
front board do not misguide our algorithm to generate texture copy effects on the
recovered depth map.

Table 2.3: Evaluation in MRE on the Middlebury dataset

Percentage Art | Books | Dolls | Laundry | Moebius | Reindeer

Bicubic 3.69 1.42 1.69 2.20 1.82 2.13
Bilinear 3.63 1.28 1.53 2.00 1.64 1.96
Ferstl[130] 2.76 1.07 1.28 1.93 1.43 1.56

Our method 2.25 0.98 0.92 1.35 1.03 1.16
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Table 2.4: Evaluation in Bad pixel ratio on the Middlebury dataset

Percentage Art Books | Dolls | Laundry | Moebius | Reindeer
Bicubic 25.42 9.93 13.15 15.73 12.73 13.39
Bilinear 20.90 8.41 12.44 13.98 11.82 11.01

Ferstl[130] 16.98 11.19 14.31 15.76 12.66 11.51

Our method 12.75 7.49 7.83 7.33 7.73 6.62

Figure 2.6: Recovery results on Middlebury dataset. From left to right: colour
images, ground truth depth maps, our results and results from [37].

2.6 Conclusion

In this chapter, we have proposed a novel PCA-based colour guide depth comple-
tion algorithm which is able to recover high quality high resolution depth map from
sparse inputs in a closed form solution. Experiments on “KITTI” and “Middlebury”
dataset demonstrate that our algorithm has high resistance on texture copy effects
and significantly outperform state-of-the-art methods with sharper boundaries, in-
cluding deep learning based methods.



Chapter 3

Depth Completion using Piecewise
Planar Model

In the last chapter, we have shown that depth maps can be assembled by a set of
learned bases and can be efficiently solved in a closed form solution. However, one
issue with this method is that it may create artifacts when colour boundaries are in-
consistent with depth boundaries. In fact, this is very common in a natural image.
To address this issue, we enforce a more strict model in depth recovery: a piece-wise
planar model. More specifically, we represent the desired depth map as a collection
of 3D planar and the reconstruction problem is formulated as the optimization of pla-
nar parameters. Such a problem can be formulated as a continuous CRF optimization
problem and can be solved through particle based method (MP-PBP) [131]. Exten-
sive experimental evaluations on the KITTI visual odometry dataset show that our
proposed methods own high resistance to false object boundaries and can generate
useful and visually pleasant 3D point clouds.

3.1 Introduction

Autonomous driving requires the vehicles to efficiently sense and understand the
surrounding 3D world in real time. Currently, most of the autonomous vehicles
(Google, Uber, Ford, Baidu, etc) are equipped with high-end 3D scanning systems
such as Velodyne which could provide accurate 3D measurements that are critical to
the autonomous vehicles” decision making and planning. However these high-end
3D scanning systems such as Velodyne LIDAR sensors are quite expensive with the
cost comparable to the cost of the whole vehicle, which may hinder their admittance
to the global consumer market.

To effectively reduce the cost in surrounding 3D world sensing, a natural and
cost efficient alternative would be using passive sensors such as monocular cam-
eras or stereo cameras, which could not only provide 3D measurements (by using
structure-from-motion (SfM) or simultaneous localization and mapping (SLAM)) but
also semantic information (not available from the point clouds). However, the com-
puter vision based system is either not robust (different weather conditions could
result in dramatically different vision measurements) or inaccurate (compared with

29
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LiDAR based 3D scanning).

In this chapter, we propose to investigate effective fusion to integrate sparse 3D
point clouds (low cost) and high-resolution colour images, such that generating
dense 3D point clouds comparable to high-end 3D scanning systems. Specifically,
the objective of this chapter is to “generate/predict a dense depth map and the cor-
responding 3D point clouds from very sparse depth measurements with/without
colour images and colour-depth image datasets”. Under our framework, we use a
low-resolution LIDAR and a high-resolution colour image to generate dense depth
maps/3D point clouds (Fig.[3.T). This can be understood as using the high-resolution
colour image to augment the sparse LIDAR map and predict a dense depth map /3D
point clouds. Our proposed methods can not only provide accurate dense depth
maps but also provide visually pleasant 3D point clouds, which are critical for au-
tonomous driving in urban scenes. Specifically, we have presented a novel way in
perceiving 3D surrounding environments, which owns low-cost compared with the
high-end LIDAR sensors and high precision and efficiency compared with the colour
camera only solutions. The proposed framework owns great potentials in developing
compact and high-resolution LIDAR sensors, at very low cost, for domain-specific
applications (e.g. ADAS, autonomous driving).

Dense point cloud

Figure 3.1: Conceptual illustration of the problem of predicting dense 3D point
clouds/depth maps from sparse LiDar input, where the input is a collection of sparse
3D point clouds and desired output is a dense 3D point cloud/depth map.

Our dense depth map prediction framework differs from general depth inter-
polation methods and depth super-resolution methods in the following aspects: 1)
Irregular depth points pattern; 2) Very sparse depth measurements; and 3) Miss-
ing real obstacles or generating false obstacles in a certain range is unacceptable.
The irregular depth points pattern creates a barrier in applying deep convolutional
neural network (CNN) based methods as it requests irregular convolution pattern,
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which is still an unsolved problem in deep learning. On the other hand, even though
many traditional methods [30, 130, 28, 32, 33] could deal with irregular patterns,
they suffer from the dependency on the strong correlation between colour images
and depth maps, where boundaries that only exist in the colour images will mislead
the methods and generate false obstacles on road. For those general smooth interpo-
lation methods such as nearest neighbor, bilinear interpolation, bicubic interpolation
and [129], since they neglect the colour images in problem formation, they tend to
generate over-smoothed results and miss real obstacles.

In this chapter, targeting at handling the above difficulties with existing meth-
ods, we propose a dense depth prediction approach that only uses the boundaries
in colour image (i.e., the superpixel over-segmentation). We resort to the piecewise
planar model for general scene reconstruction, where the desired depth map/point
clouds are represented as a collection of 3D planar and the reconstruction problem
is formulated as the optimization of planar parameters. The resultant optimization
involves the unary term evaluated at the sparse depth measurements, the smooth-
ness term across neighboring planes. Thirdly, as the urban driving scenarios are
well structured, we propose a specifically designed model for urban driving sce-
nario called “cardboard world” model, i.e., front-parallel orthogonal piecewise pla-
nar model, where each segment can only be assigned to either the road plane or a
front-parallel object plane orthogonal to the road plane. We formulate the problem as
a continuous CRF optimization problem and solve it through particle based method
(MP-PBP) [131]]. Extensive experiments on the KITTI visual odometry dataset show
that the proposed methods owns high resistance to false object boundaries and can
generate useful 3D point clouds without missing obstacles.

3.2 Approach

Real world driving scenarios generally consist of road, surrounding buildings, vehi-
cles, pedestrians and etc., which can be well approximated with piece-wise planar
model in 3D representation. By representing the traffic scenes with piece-wise planar
model, we are able to exploit the structural information in the scenes and the num-
ber of variables can be greatly reduced (For each plane, we only need 3 parameters
to represent.). In this way, the number of measurements of sparse depths could be
greatly reduced, which enables us the ability to work with very sparse LIDAR mea-
surements. Furthermore, the parametric model owns the ability to handle outlying
LIDAR measurements.

3.2.1  An overview of the proposed method

A high level description of our method is given as follows: assume the LIDAR sen-
sor and the camera have been geometrically calibrated (both intrinsically and ex-
trinsically). Given the input of a single frame monocular image with corresponding
sparse depth points, we first perform image over-segmentation to obtain fixed num-
ber of super-pixels using the SLIC algorithm [132]. Then we conduct interpolation
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on the sparse depth points to generate an initial dense depth map by using the pe-
nalized least squares method [129]. This dense depth map is used to provide initial
planar parameters for each segment. As shown in Fig. on average each super-
pixel region contains a single depth point measurement. Also note some superpixels
do not contain any depth measurement. After fitting the initial depth measurements
inside each superpixel with a plane, we formulate a Conditional Random Field (CRF)
to optimize all the plane parameters and recalculate the depth map. A flowchart of
our approach is given in Fig.
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Figure 3.2: Inputs of our algorithm implementation. Top: The SLIC over-
segmentation of the input image. Bottom: the input of our algorithm: the super-pixel
segmentation and sparse depth measurements. Note that as the depth measurements
are very sparse, there are only a few depth measurements in each super-pixel and
there are considerable super-pixels where no depth measurements are available.

3.2.2 Mathematical Formulation

Under our piece-wise planar model for the scenes, each segment is well approxi-
mated with a plane. In this way, the dense depth prediction problem is transformed
to the optimization of the plane parameters. Furthermore, we assume that the bound-
aries in the depth maps are a subset of the boundaries in the colour images, which
enables us the freedom to decide the real depth boundaries from the colour bound-
aries.

Specifically, let S denote the set of superpixels and each superpixel i € § is
associated with a segment R; in the image plane and a random variable s; = n,,
where n; € R® describes the plane parameter in 3D. Our goal is to infer the 3D
geometry of each superpixel s; given the sparse depth measurements d;(x). We
define the energy of the system to be the sum of a data term ¢; and a smoothness
term 1; j,

E(s) =Y @i(si) +Y_wij(si,s;), (3.1)

= i~j



§3.2 Approach 33

SLIC Interpolation

Initial Plane Fitting

CRF Optimization

Final Dense Depth Map

Figure 3.3: Pipeline of our method. Given high resolution colour image and sparse
depth measurements as input, our approach predicts dense depth map with the same
resolution as the colour image.

where ¢ denotes the data term while ¢ denotes the smoothness term. s = {s;|i € S}
and i ~ j denotes the set of adjacent superpixels in S.

Data Term: The data term encourages the depth measurement to lie on the plane by
penalizing the discrepancy between the measurement and the prediction. To better
enforce this constraint, we choose the ¢, norm to amplify the cost. Therefore, our
data term can be written as:

gi(si) =01 ) [ld(si,x) = di(x)3, (32)
xeX
where X is the set of pixels that has depth measurements. d(si,x) = ngfllx repre-

sents the estimated depth value on a pixel x, d; represents the distance between the
plane and the origin, n} is the normal vector of the plane, K is the camera intrinsic
matrix and x = (#,v,1)7 is the homogeneous representation of the pixel x. d;(x) is
the depth measurement on pixel x.

Smoothness Term: The smoothness term encourages coherence of adjacent super-
pixels in terms of both depth and orientation. The depth coherence is defined by the
difference between the depths of neighboring superpixels” boundaries while the ori-
entation coherence is defined as the difference between the surface normal of neigh-
bouring superpixels. Considering the discontinuity in neighboring superpixels due
to scene structure, we use the truncated ¢; norm to allow discontinuity in both depth
and orientation.
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Algorithm 1 Solving Eq. via the PCBP

Input:
Superpixels S and sparse depth measurements d, number of particles 1, number
of iterations n;, parameters 61, 0, 63, 71, 2, p, 0.

Initialize: Initial plane parameters s; for each superpixel segment.

while iteration < n; do
1). Sample particles: the first particle for each superpixel is the result of previous
iteration, the next n,/2 particles are randomly sampled around the state in the
previous iteration and the remaining 7,/2 — 1 particles are sampled from the
neighboring superpixels’ current states;
2). Evaluate the data term (3.2) and the smoothness term (3.3));
3). Solve the resultant discrete problem with TRW-S and update plane parame-
ters for each superpixel.

end while

Output: Plane parameters S, recovered depth map D.

Following [90], our smoothness potential ; ;(s;, s;) can be decomposes as:

depth ;
¥ij(si,sj) = 92¢i,;pt (n;,n;) + 931Pf,§lent(ni, n;), (3.3)

with weights 6 and

depth
gl (ni,nj) = ¥ pr(@(ni,p) — d(n;,p)),
pEB;;

¢ (n,my) = oy (1= [nfny/ (Inif[my])),
where B;; is the set of shared boundary pixels between superpixel i and superpixel
j, and p is the robust ¢; penalty function p,(x) = min(|x|, 7).

3.2.3 CRF Optimization

The optimization of the above continuous CRF defined in Eq. is generally NP-
hard. In order to efficiently solve this optimization problem, we discretize the con-
tinuous variables and leverage particle convex belief propagation (PCBP) [133], an
algorithm that is guaranteed to converge and gradually approach the optimum. It
works in the following way: after initialization, for each random variable, particles
are sampled around current states. Then these particles act as labels in discretized
MREF/CREF that can be solved by any MRF/CRF solving methods such as multi-label
graph cut, sequential tree-reweighted message passing (TRW-S) [119] and update the
MAP estimation to current solution. The process is repeated for a fixed number of
iterations or until convergence.
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Implementation Details: A 3D plane is defined by:
aX;+bYi+cZi+d=0 (3.4)

where (a,b,c,d) are the plane parameters, (X;, Y;, Z;) is the 3D points coordinates
that can be computed by
Xi = (Lli — Cx) X Zi/f/ (35)

Yi = (v — Cy) X Zi/f, (3.6)

where Z; = d;. (u;,v;) is the point coordinate in the image plane, (Cy,C,) is the
camera principal point offset and f is the camera focal length.

Thus, the it particle is defined as a 4 x 1 vector (a;,b;,c;,d;)T. a;,b;,c;,d; are
independently generated through a normal distribution with standard deviation ¢
and mean p, where ¢ is given by user setting and y is the state in the previous
iteration.

Our approach to solve Eq. is outlined in Algorithm 1, where parameters 6,
62 03 71 T2 have been already defined in previous equations, p is the decay rate for
generating particles and ¢ is a 4 x 1 vector that contains the standard deviation for
the 4 parameters of each particle.

Particle Generation: Instead using of the regular PCBP particle generation scheme,
which generates particles only from the MCMC framework, we partially adopt the
PMBP [134] scheme by adding neighboring plane parameters into the particles, thus
the candidate particles are a mixture of MCMC sampling around the previous states
and the states from neighboring planes. The advantage of this modification is that
it allows neighboring superpixels to fuse together thus decreasing the energy. For
example, the road area is often segmented into several segments. By using the reg-
ular PCBP particle sampling strategy, each segment’s parameters are independently
generated by a normal distribution. Even though the smoothness term encourages
the planes be close to each other, there will still exist small gap between them as
the algorithm could not find exactly the same parameters from its candidate parti-
cles. However, in our modified version, the neighboring superpixels can share their
parameters and therefore resolve the issue.

In each PCBP iteration, each superpixel has fixed number of particles, and we
need to find the sub-optimal combination that has the lowest energy. This prob-
lem can be efficiently solved through tree-reweighted max-product message passing
(TRW-S) algorithm. The processing time depends on the number of superpixels and
the number of particles.

3.2.4 Cardboard World Model: A More Constrained Model

In the above section, we described our piece-wise planar model for solving the dense
depth prediction problem, where each plane has three freedoms in 3D space.

Here we notice that for real-world driving applications, man-made road scenes
often have stronger structured information (i.e. stronger prior). In particular, we
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realize that modeling a front-view road scene as a combination of ground-plane and
many front-parallel obstacles planes will be convenient for the task of drivable free-
space detection task. Next, we will show how to infer such a simplified 3D road scene
model by using the same method of our CRF-conditional random field framework.

Based on these observations, we propose our “cardboard world” model for rep-
resenting the driving scenes. Under the “cardboard world” model, there only consist
two kinds of planes: the road plane and the object plane. We assume there is only
one road plane in the scene and all the other planes are object plane. These two kinds
of planes are orthogonal to each other and object planes are front parallel. Fig.
illustrates an example of our “cardboard world” model.
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Figure 3.4: An example of our “cardboard world” model: Object planes are front
parallel planes that orthogonal to the road plane.

There are three advantages in replacing the slanted plane model in the piecewise
planar model with our proposed “cardboard world” model:

1) The recovered 3D point clouds are more visually pleasant and the location of each
object is more accurate. In some case, when there are two depth points with very
different depth values in a single superpixel, the slanted plane model will use a
very slanted plane to fit these two points. As a result, the shape of this area will
be largely distorted. On the other hand, in the “cardboard world” model, it will
force the plane to become front parallel therefore maintain the object shape.

2) As a byproduct, this method provides a free-space for autonomous driving vehi-
cles. We embed a binary labeling problem in our task that classifies superpixels
into two clusters: road and object. Superpixels labeled as road belong to the
free-space.

3) Processing time can be greatly reduced. By applying a front-parallel constraint
and orthogonal constraint, the number of parameters to optimize have been greatly
reduced thus decreasing the processing time.

A diagram of our cardboard model approach is shown in Fig.

Initialization: Different from the piecewise planar based method, this new method
requires an initial road plane estimation for initialization. To do so, we fit the road
plane directly from sparse depth point using RANSAC. After getting the initial dense
depth map using [129], for each superpixel segment, we project all the depth points
into 3D and calculate the distance between them and the road plane by summing the
Euclidean distance of each point. If the distance is smaller than a given threshold ¢,
we label the superpixel as road plane and fit it with the initial road plane parameters.
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Figure 3.5: Process flow of our approach. Given high resolution colour image and
sparse depth measurements as input, our approach predicts dense depth map with
the same resolution as the colour image.

Otherwise, the superpixel is labeled as object and will be fitted with a front parallel
plane with a depth of the mean depth of this superpixel.

The optimization problem remains the same as the previous one. However, since
we need to enforce the orthogonal relationship as well as the front parallel constraint,
given road plane parameter (a,,b,, ¢, dr)T, the normal of object planes are fixed as
well and are equal to (0, —¢, 1)T. Hence there is only one freedom in object planes,
i.e., the unknown depth. Note that we naturally embed a binary labeling problem in
optimization step since superpixels are divided into two groups: road plane group
and object planes group. This labeling problem is jointly solved through PCBP pro-
cess by adding road plane parameters into particle sets of every superpixels, so that
every superpixel has a choice to joint the road plane when the fitting cost is low
enough. Our approach to solving Eq. using our “cardboard world” model is
outlined in Algorithm 2.

3.3 Experiments

3.3.1 Experimental setup

We perform both quantitative and qualitative evaluations of our methods on the
KITTI VO dataset. The KITTI VO dataset consists of 22 sequences 43,596 frames
which includes various driving scenarios such as highway, city and country road.
It provides stereo images and semi-dense 360° LIDAR points. In our experimental
setting, we only use the left images and the sparse LIDAR points. Note, we recover
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Algorithm 2 Solving Eq. under “cardboard world” model via the PCBP

Input:
Superpixels S and sparse depth measurements d, number of particles 1, number
of iteration n;, parameters 6, 6, 03, 71, T2, p, 7, €.
Initialize: Estimate road plane parameter s;, initial dense depth map Dy
forall S; € S do
Project every depth points into 3D;
Calculate the sum of Euclidean distance between each 3D point the road plane

Sd;
if The sum of Euclidean distance is less than a given threshold € then
Fit Si with nyg
else
Fit S; with front parallel plane and orthogonal to n4
end if
end for
while iteration < n; do
1). Sample particles: the first particle for each superpixel is the state in previous
iteration, then randomly generate 1, /2 — 1 particles and add 7,/2 — 1 neighbor-
ing superpixels’ parameters to the particle set and add the last particle with ng;

2). Calculate data energy through and smoothness energy through (3.3);
3). Solve through TRWS and update current MAP estimation n to the first par-
ticle;
end while
Output: Plane parameters n, recovered depth map D.

the depth for the every 10th frames, thus 4,359 frames are recovered in total.

We perform evaluation of two subset of KITTI dataset: KITTI stereo and KITTI
VO, which both consist of challenging and varied road scene imagery collected from
a test vehicle. Ground truth depth maps are obtained from 64-line LIDAR data. The
main difference between these two dataset is that the ground truth depth maps for
the stereo dataset were manually corrected and interpolated based on the neighbor-
ing frames. Note we only used the lower half part of the images (200 x 1226) as
the upper half part generally include large part of sky and there is no depth mea-
surements available. The input of our experiment was synthesized low-resolution
LIDAR points which was downsampled by a factor of 6 in horizontal direction and
3 in vertical direction.

Piece-wise planar method setting: As this method performs on superpixel level, we
use SLIC [132] segmentation method to provide segments and the number of super-
pixels is manually set to 800. The number of particles is the set to 10. The total
iteration of PCBP is set to 40 as in Fig. 3.6|as the energies - both total and unary one
- become flat since then.

“Cardboard world” method setting: We use SLIC [132] segmentation method to
provide segments and the number of super-pixels is manually set to 1200. In the



§3.3 Experiments 39

16040 - i = i o [ E et

14000
|

Total Energy
- [

4000 —r— — 1 1 -— S

[ 20 A BO BO 120 [ 20 L 1i] BO BO 100
lterations lterations
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tions.

Figure 3.6: This figure shows the energy with respect to the number of iterations in
CRF based method.

TRW-s inference step, the number of particles is set to 10, and divided into 3 parts: 1
particle represents the road plane, 4 particles are sampled from its neighbors and 5
particles are newly generated from MCMC process. The number of iteration of PCBP
is set to 20 as there is only 1 parameter that need to optimize in this case.

3.3.2 Error Metrics

To evaluate the performance of depth interpolation, we use the following three quan-
titative metrics:
1) Mean relative error (MRE), which is defined as:

1 & |d; —dy|

= 3.7
€MRE N d; ’ (3.7)

i=1

where d; and d; are the ground truth depth and inferred depth respectively. A
lower MRE indicates a better dense depth prediction performance.

2) Bad pixel ratio (BPR) measures the percentage of erroneous positions in total,
where a depth prediction result is determined as erroneous if the absolute depth
prediction error is beyond a given threshold dy,. In our experiment, we set the
bad pixel threshold as dy;, = 3 meters in VO dataset. A lower bad pixel ratio
indicates a better depth prediction results.

3) Mean absolute error (MAE) is defined as:

1Y ~
eMAE = Y |di —dil, (3.8)
i=1

where d; and d; are the ground truth depth and depth prediction respectively. A



40 Depth Completion using Piecewise Planar Model

lower mean absolute error indicates a better dense depth prediction performance
achieved. It also indicates the average depth estimation error in meters.
Bad pixel ratio, mean relative error and mean absolute error measure different statis-
tics of the dense depth prediction results, which jointly evaluate the prediction per-
formance.

3.3.3 Experiment Results

Our quantitative results are shown in Table The piece-wise planar method out-
performs all the other methods. However, since our goal is to generate both useful
and visual pleasant 3D point cloud, we also provide qualitative results as shown in
Fig. For better comparison, we compare our method with several other state-of-
the-art depth super-resolution methods: bilateral solver[32], as well as our colour-
guided PCA based depth interpolation method. The initial depth map used for the
bilateral solver [32] was generated by a general smooth interpolation method [129].

Table 3.1: Evaluation on the KITTI VO dataset.

Bilateral[32] colour PCA Piece-wise “Cardboard"
MRE(%) 7.36 5.73 4.87 7.85
BPR(%) 9.46 7.51 5.82 8.57
MAE(m) 1.20 1.04 0.80 1.29

As we can observe, bilateral solver [32] provides over-smoothed results, large dis-
tortion can be observed in the areas with different colours. For example, in Fig.
when there are shadows on road, it tends to assign same depth to same colour ar-
eas when lacking information, therefore create stripes effects in 3D point clouds.
However, in our PCA based colour guided method, with the help of high order
smoothness term and the PCA bases as a global constrain, it shows some resistances
to the misleading of false boundaries that introduced by the colour images. Also,
it can recover the shape of cars. However, as it is a pixel-wise algorithm, it is hard
to estimate every pixel with the right depth. Therefore, we can find there are holes
on the road plane. This can be harmful for autonomous driving system as it creates
many false road pits and/or false obstacles.

The “cardboard world” algorithm, on the other hand, does not have these draw-
backs. As we can see from all these results, none of the road plane was fooled by
shadows or marks. For better illustration of our algorithm, in Fig. we provide the
input and output of our algorithm and the road plane segmentation as well. From
top to bottom, each figure consists of the reference colour image, the input of our al-
gorithm (LIDAR measurements and super-pixel segmentation), our recovered dense
depth map and our road plane segmentation result correspondingly. Note that the
colour image is only used to generate the super-pixel segmentation and only sparse LIDAR
measurements are used in the optimization.

As we can see from the figures, all dominant road plane space (labeled by dark
green) have been accurately extracted. In typical city road scenarios (i.e., Fig.[3.§), our
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Figure 3.7: Comparison in coloured 3D point clouds. Left column: results from
[32]; Middle column: results from PCA based colour guide method; Right column:
results from the “cardboard world” method.

Figure 3.8: Example results of “Cardboard world” method: Top to bottom: reference

colour frames, inputs of our method, recovered depth map and segmented free space
(coloured with green).

method can successfully extract cars that are parked on side road and a motorbike
over 22 meters away from only 3 LIDAR points on it.

To better illustrate the advantage of our “cardboard world” model over the stan-
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(c) MRE:5.2 BPR:4.2 MAE:0.583 (d) MRE:9.5 BPR:6.2 MAE:1.060

Figure 3.9: Comparison between CRF based method (left) and “cardboard world”
method (right).

dard piece-wise planar model, we also provided quality comparison between them.
As we can see from Fig. both methods successfully recover road plane with resis-
tant to shadows. The quantitative results show that the CRF based method achieves
better performance. However, in turns of the quality of 3D point cloud, the CRF
method largely distorts the shape of cars as in (a) and (g) while the “cardboard
world” method provides less distorted, much clean and visually look better results.

3.3.4 Processing time

Unlike pixel-level colour guided methods where the processing time largely depends
on the input image resolution, the processing time of our method depends on the
number of superpixels, the number of particles and the number of parameters to
optimize. The higher the numbers, the longer the processing time is. In piece-wise
planar model based solution, when we use 800 superpixels, 10 particles for each
superpixel, the running time is about 10 seconds on average. However, in the more
constrained case, our “cardboard world” method with more superpixels only needs
1 seconds on average.
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3.4 Conclusion

This chapter aims at tackling the challenging task of predicting dense depth maps
from very sparse measurements, we have proposed two different methods by exploits
various local and global constraints inside the problem. The first method is based on
the piecewise planar model of the scene, where dense depth prediction is reformu-
lated as the optimization of planar parameters. The second method enforces strong
regularization on the scene model to exploit the structural information in outdoor
traffic scenes, which is more suitable for autonomous driving tasks. Unlike existing
depth super-resolution methods that can be easily misled by marks or shadows on
road, our methods inherently resist to these false guidance. Experimental results
on the KITTI VO dataset show that our methods can efficiently recover dense depth
map from less than 1000 LIDAR points without losing important information for
autonomous driving, i.e., obstacles on road, or creating false obstacles that may mis-
leading self-driving vehicles. In future, we plan to exploit the temporal information
in constraining the dense depth maps.
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Chapter 4

Self-supervised Stereo Matching

Deep Learning based stereo matching methods have shown great successes and
achieved top scores across different benchmarks. However, like most data-driven
methods, existing deep stereo matching networks suffer from some well-known
drawbacks such as requiring large amount of labeled training data, and that their
performances are fundamentally limited by the generalization ability. In this chap-
ter, we propose a novel Recurrent Neural Network (RNN) that takes a continuous
(possibly previously unseen) stereo video as input, and directly predicts a depth-
map at each frame without a pre-training process, and without the need of ground-
truth depth-maps as supervision. Thanks to the recurrent nature (provided by two
convolutional-LSTM blocks), our network is able to memorize and learn from its past
experiences, and modify its inner parameters (network weights) to adapt to previ-
ously unseen or unfamiliar environments. This suggests a remarkable generalization
ability of the net, making it applicable in an open world setting. Our method works
robustly with changes in scene content, image statistics, and lighting and season
conditions etc. By extensive experiments, we demonstrate that the proposed method
seamlessly adapts between different scenarios. Equally important, in terms of the
stereo matching accuracy, it outperforms state-of-the-art deep stereo approaches on
standard benchmark datasets such as KITTI and Middlebury stereo .

4.1 Introduction

Stereo matching is a classic problem in computer vision, and it has been extensively
studied in the literature for decades. Recently, deep learning based stereo matching
methods are taking over, becoming one of the best performing approaches. As an
evidence, they occupy the leader-boards for almost all the standard stereo matching
benchmarks (e.g., KITTI[89], Middlebury stereo [43]]).

However, there exists a considerable gap between the success of these “deep
stereo matching methods” on somewhat artificially created benchmark datasets and
their real-world performances when being employed “in the wild” (open world),
probably for the following reasons:

IThis work was originally published in [15]
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(1) Most of the existing deep stereo matching methods are supervised learning based
methods, for which the training process demands massive annotated training
samples. In the context of stereo matching, getting large amount of training data
(i.e., ground-truth disparity /depth maps) is an extremely expensive task.

(2) The performance of existing deep stereo matching methods and their applicabil-
ity in real-world scenarios are fundamentally limited by their generalization abil-
ity: like most data-driven methods, they only work well on testing data that are
sufficiently similar to the training data. Take autonomous driving for example,
a deep stereo matching network trained in one city, under one traffic condition,
might not work well in another city, under different lighting conditions.

(3) So far, most deep stereo matching methods exclusively focus on processing single
pair of stereo images in a frame-by-frame manner, while in real world stereo cam-
era captures continuous video. The rich temporal information contained in the
stereo video has not been exploited to improve the stereo matching performance
or robustness.

In this chapter, we tackle all the above drawbacks with current deep stereo match-
ing methods. We propose a novel deep Recurrent Neural Network (RNN) that
computes a depth/disparity map continuously from stereo video, without any pre-
training process. Contrary to conventional stereo matching methods (e.g., [7, 56])
which focus on processing a single pair of stereo images individually, this work is
capitalized on explicitly exploiting the temporally dynamic nature of stereo video
input.

Our deep stereo video matching network, termed as “OpenStereoNet” is not
fixed, but changes its inner parameters continuously as long as new stereo frames
being fed into the network. This enables our network to adapt to changing situ-
ations (e.g., changing lighting condition, changing image contents, efc. ), allowing
it to work in unconstrained open world environments. OpenStereoNet is made of a
convolutional Feature-Net for feature extraction, a Match-Net for depth prediction,
and two recurrent Long Short-Term Memory (LSTM) blocks to encode and to exploit
temporal dynamics in the video. Importantly and in contrast to existing deep stereo
matching methods, our network does not need any ground-truth disparity map as
supervision, yet it naturally generalizes well to unseen datasets. As new videos are
processed, the network is able to memorize, and to learn from, its past experiences.
Without needing ground-truth disparity maps, our network is able to tune its pa-
rameters after seeing more images from stereo videos, simply by minimizing image-
domain warping errors. Also, to better leverage the sequential information in the
stereo video, we apply the Long Short-Term Memory (LSTM) module to the bottle-
neck of feature extraction and feature matching part of our network. In the later part
of this chapter, we demonstrate that our method can be applied to vary open-world
scenarios such as indoor/outdoor scenes, different weather/light conditions and dif-
ferent camera settings with superior performance. Also ablation study concerning
the effect of the LSTM modules is conducted. Another novelty of this work is that:
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we adopt convolutional-LSTM [135] (cLSTM) as the recurrent feedback module, and
use it directly on a continuous video sequence harnessing the temporal dynamics
of the video. To our knowledge, while RNN-LSTM has been applied to other video
processing tasks (such as sequence captions, or human action recognition), it has not
been used for stereo matching for video sequences.

4.2 Related work

Stereo matching is a classic problem in computer vision, and has been researched
for several decades. There have been significant number of papers published on this
topic (The reader is referred to some survey papers e.g., [43,[136]). Below we only cite
a few most recent deep-learning based stereo methods that we consider most closely
related to the method to be described.

Supervised Deep Stereo Matching. In this category, a deep network (often based
on CNN, or Convolutional Neural Networks) is often trained to benefit the task of
stereo matching in one of the following aspects: i) to learn better image features and
a tailored stereo matching metrics (e.g., [47, [137]); ii) to learn better regularization
terms in a loss function [48]; and iii) to predict dense disparity map in an end-to-
end fashion (e.g., [51, 56]). The learned deep features replace handcrafted features,
resulting in more distinctive features for matching. End-to-end deep stereo meth-
ods often formulate the task as either depth values regression, or multiple (discrete)
class classification. DispNetC [51] is a new development, which directly computes
the correspondence field between stereo images by minimizing a regression loss.
Another example is the GC-Net [56], which explicitly learns feature cost volume,
and regularization function in a network structure. Cascade residual learning (CRL)
[138] adopted a multi-stage cascade CNN architecture, following a coarse-to-fine or
residual learning principle [139].

Unsupervised Deep Stereo Matching. Recently, there have been proposed deep
net based single-image depth recovery methods which do not require ground-truth
depth maps. Instead, they rely on minimizing photometric warping error to drive
the network in an unsupervised way (see e.g., [112}, 109, 97, [113| [14]). Zhou et al. [97]
proposed an unsupervised method which is iteratively trained via warping error
propagating matches. The authors adopted TV (total variation) constraint to select
training data and discard uninformative patches. Inspired by recent advances in di-
rect visual odometry (DVO), Wang et al. [114] argued that the depth CNN predictor
can be learned without a pose CNN predictor. Luo et al. [115] reformulated the
problem of monocular depth estimation as two sub-problems, namely a view syn-
thesis procedure followed by standard stereo matching. However, extending these
monocular methods to stereo matching is non-trivial. When feeding the networks
with stereo pairs, their performances are even not comparable with traditional stereo
matching methods [109].

Recurrent Neural Net and LSTM. Our method is based on RNN (with cLSTM
as the feedback module), and directly applied to sequence input of stereo video
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harnessing the temporal dynamic nature of a continuous video. To the best of our
knowledge, where RNN-LSTM has been applied to other video based tasks (such
as a sequence captions, action recognition), it has not been directly used for stereo
video matching, especially to exploit the temporal smoothness feature for improving
stereo matching performance.

4.3 Network Architecture

In this section, we describe our new “open-world” stereo video matching deep neural
network (for ease of reference, we call it OpenStereoNet). The input to the network is
a live continuous stereo video sequence of left and right image frames of I 1%, for
t =1,2,... The output is the predicted depth-map (disparity map) at each time step
t. We assume the input stereo images are already rectified.

Our network does not require ground-truth depth-maps as supervision. Instead,
the stereo matching task is implemented by searching a better depth map which
results in minimal photometric warping error between the stereo image pair. By con-
tinuously feeding in new stereo image frames, our network is able to automatically
adapt itself to new inputs (could be new visual scenes never seen before) and pro-
duce accurate depth map estimations. More technical details will be explained in the
sequel of the paper.

4.3.1 Overall network architecture

The overall structure of our OpenStereoNet is illustrated in Figure{4.1 which consists
of the following major parts (or sub-Nets): (1) Feature-Net, (2) Match-Net, (3) LSTM
blocks, and (4) a loss function block.
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Figure 4.1: Overall network structure of our OpenStereoNet. It consists of a convolutional
Feature-Net, an encoder-decoder type Match-Net and two recurrent (convolutional) LSTM
units to learn temporal dynamics of the video input. Given a stereo pair I}, I% at time ¢, the
Feature-Net produces feature maps which are subsequently aggregated to form a feature-
volume. The Match-Net first learns a representation of the feature volume then projects it to
obtain disparity estimation. Our loss function is based on image warping error evaluated on
raw image inputs by the current disparity map.
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Information Flow. Starting from inputted left and right images at time ¢, the
information processing flow in our network is clear: 1) The Feature-Net acts as a
convolutional feature extractor which extracts features from the left and right images
individually. Note, Feature-Net for the left image and Feature-Net for the right im-
age share the weights. 2) The obtained feature maps are concatenated (with certain
interleave pattern) into a 4D feature-volume. 3) The Match-Net takes the 4D feature
volume as input, and learns an encoder-decoder representation of the features. A
projection layer (based on soft-argmin [56]) within the Match-Net is applied to pro-
duce the 2D disparity map prediction. Finally, the loss function block employs the
current estimated disparity map to warp the right image to the left view and com-
pare the photometric warping loss as well as other regularization term, which is used
to refine the network via backprop.

4.3.2 Feature-Net

Conventional stereo matching methods often directly compare the raw pixel values
in the left image with that in the right image. Recent advance in deep learning
show that using learned convolutional features can be more robust for various vision
tasks. For stereo matching, to learn a feature map that is more robust to photometric
variations (such as occlusion, non-lambertian, lighting effects and perspective effects)
will be highly desirable.

In this chapter, we design a very simple convolutional feature-net with 18 convo-
lutional layers (including RELU) using 3 x 3 kernels and skip connections in between.
The output feature has a dimensionality of 32. We run feature extraction on both im-
ages in a symmetric weight-sharing manner.

4.3.3 Feature-Volume construction

We use the learned features to construct a feature volume. Instead of construct-
ing a cost volume by concatenating all costs with their corresponding disparities,
we concatenate the learned features from the left and right images. Specifically, we
concatenate each learned feature with their corresponding feature from the opposite
stereo image across each disparity level in a preset disparity range D as illustrated
in Fig. All the features are packed to form a 4D feature volume with dimen-
sionality H x W x (D + 1) x 2F for the left-to-right and right-to-left feature volume
correspondingly, where H, W, D, F represent the height, width, disparity range, and
feature dimensionality respectively.

4.3.4 Match-Net

Taking the assembled Feature-Volume as input, our Match-Net is constituted of an
encoder-decoder as the front-end, followed by a single last layer which projects the
output of the encoder-decoder to a 2D disparity-map.
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Figure 4.2: Feature Volume Construction. We collect the two feature maps computed by the
Feature-Net, and assemble them together to a Feature-Volume in the way as illustrated here:
the blue rectangle represents a feature map from the left image, the stacked orange rectangles
represent traversed the right feature at different disparities in the range [0, D]. Note that the
left feature map is duplicated D + 1 times to match the traversed right feature maps.

4.3.4.1 Encoder-Decoder front-end.

The denoising Encoder-Decoder is an hour-glass-shaped deep-net. Between the en-
coder and decoder there is a bottleneck, as shown in Figuref£.I] Since the input
feature-volume is of 4 dimensions, H (height) x W (width) x (D+1)(disparity range)
x 2F(feature dim.), we use 3D-convolutional kernels and the underlying CNNs in
the Encoder-Decoder are in fact 3D-CNNSs.

4.3.4.2 Projection layer.

The output of the preceding encoder-decoder is still a 4D feature-volume. The last
layer of our Match-Net first projects the 4D volume to a 3D cost volume—i.e., an op-
eration commonly used in conventional stereo matching methods, then applies the
soft-argmin operation (cf. [56]) to predict a disparity 6 = Y7 [d x o(—c4)], where ¢4
is the matching cost at disparity d and o(-) denotes the softmax operator.

4.3.5 Convolutional-LSTM

Since our goal is to develop a deep-net focusing on stereo video processing (as op-
posed to individual images), in order to capture the inherent temporal dynamics
(e.g., temporal smoothness) that exist in a video, we leverage the internal represen-
tations obtained by our two sub-networks (i.e., , Feature-Net and Match-Net), and
model these internal representation’s dynamic transitions as an implicit model for
the video sequence. Specifically, given a continuous video, we consider the image
content (as well as the disparity) in each frame changes smoothly to the next frame.
To capture such dynamic changes, we adopt the structure of LSTM-based Recurrent
Neural Networks (RNN). The LSTMs act as memory of the net, by which the network
memorizes its past experiences. This gives our network the ability to learn the stereo
video sequence’s temporal dynamics encoded in the inner states of the LSTMs. As
shown in Fig.{4.3, the output of our Feature-Net, and the encoder-decoder in our
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Match-Net, are each passed to an LSTM unit. Briefly, LSTM units are a particular
type of hidden unit that improve the training of RNNs [140]. An LSTM unit contains
a cell, which can be thought of as a memory state. Access to the cell is controlled
through an input gate and a forget gate. The final output of the LSTM unit is a
function of the cell state and an output gate (cf. [141]).

We realize that for stereo matching it is de-
@ sirable to use spatially-invariant operator such

O

cLSTM as convolutional kernels, in the same spirit of

o ; the CNN. In light of this, we propose to use

é’j %j the convolutional LSTM architecture (or cLSTM

‘ , %éd in short, ¢f. [135]) as the recurrent unit for our
: stereo video matching task. This way, the rel-

- ative spatial layout information of the feature

representation-which is essential for the task of
depth map computation—is preserved. In our ex-
periments we used very small kernels for the
cLSTM (e.g., 3 x 3, or 5 x 5). This leads to compact LSTM units, and greatly simpli-
fies the computation cost and GPU-RAM consumption. The encoder-LSTM-decoder
architecture is also similar to the Encoder-Recurrent-Decoder architecture proposed
in [142]. Our entire network works end-to-end to combine feature representation
learning with the learning of temporal dynamics via the two LSTM blocks.

Figure 4.3: A convolutional-LSTM.

4.4 Self-Adapting Learning and Loss Function

4.4.1 Self-Adapting Training and Testing

Recall that the ultimate goal of this work is to develop a deep network that can
automatically adapt itself to new (previously unseen) stereo video inputs. In this
sense, the network is not fixed static, but is able to dynamically evolve in time. This
is achieved by two mechanisms:

e The network has memory units (i.e. the two LSTM blocks), which enable the
network to adjust its current behavior (partly) based its past experiences;

e We always run an online back-propagation (backprop) updating procedure after
any feed-forward process.

The latter actually eliminates the separation between a network’s training stage and
testing stage. In other words, our OpenStereoNet is constantly performing both
operations all the time. This gives the network self-adaption ability, allows it to self-
adapt by continuously fine-tuning its parameters based on new stereo image inputs
(possibly seen in a new environment). Thus, our OpenStereoNet can “automatically”
generalize to unseen images.

Since we do not require ground-truth depth-maps as supervision, input stereo
pairs themselves serve as self-supervision signals, and the network is able to update
automatically, by self-adapting learning.
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4.4.2 Overall loss function

The overall loss function for our OpenStereoNet is a weighted summation of a data
term and a regularization term, as in Loss = Lqata + }Lreg-

Data term: Image warping error. We directly measure the warping error eval-
uated on the input stereo images, based on the estimated disparity map. Specif-
ically, given the left image I} and the disparity map for the right image df, =
g(It, It hi 1, 1), the right image I% can be reconstructed by warping the left im-
age with dt, It (u,v) = It (u+d,v), where I is the warped right image. We use
the discrepancy between I5 and the observed right image I% as the supervision sig-
nal. Our data loss is derived as: Lgun = L(M(1—S(I, 1;))/2 + Az(‘IL - I’L‘ +

VI -V,
SSIM as defined in [143], pixel value difference and image gradient difference. The
trade-off parameters were chosen empirically in our experiments at y = 0.05,A; =
0.8,A, =0.1.

Regularization term: Priors on depth-map. We enforce a common prior that
depth-maps are piecewise smooth or piecewise linear. This is implemented by pe-
nalizing the second-order derivative of the estimated disparity map. To exploit cor-
relations between depth map values and pixel colours, we weight this term by image
colour gradient, i.e., : Ly = Z(e_|V$‘IL| |V2d; | + e |ViL| |V2dL|)/N, where V is
gradient operator.

))/N. The data term consists of S, which is the structural similarity

4.5 Experiments

We implement our OpenStereoNet in TensorFlow. Since the network runs in an on-
line fashion (with batch-size one), i.e., , there is no clear distinction between training
and testing, we start from randomly initialized weights for both the Feature-Net and
the Match-Net, and allow the network to evolve as new stereo images being fed
in. All images have been rescaled to 256 x 512 for easy comparison. Typical pro-
cessing time of our net is about 0.8-1.6 seconds per frame tested on a regular PC
of 2017 equipped with a GTX 1080Ti GPU. We use the RMSProp optimizer with a
constant learning rate of 0.001. We have evaluated our network on several standard
benchmark datasets for stereo matching, including KITTI[89], Middlebury[144) [145],
Synthia [146], and Frieburg SceneFlow [51] (e.g. FlyingThings3D). These experiments
are reported below.

4.5.1 KITTI visual odometry (VO) stereo sequences

In this set of experiments on KITTI dataset [89], we simply feed a KITTI VO stereo
video sequence to our network, and start to produce a depth map prediction, as
well as update the network weights frame by frame by backproping the error signal
of the loss function. In all our experiments we observe that: soon after about a
few hundreds of input frames have been processed (usually about 10 seconds video
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at 30fps) the network already starts to produce sensible depth maps, and the loss
function appears to converge. We call this process of training on the first a few
hundred frames the network prime process, and we believe its purpose is to teach
the network to learn useful convolutional features for typical visual scenes. Once
the network has been “primed”, it can be applied to new previously unseen stereo
videos.

Figure{4.4 shows typical converge curves for a network during the prime stage.
After the prime stage, we randomly select 5 KITTI VO sequences, test our network
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Figure 4.4: Typical network convergence curves from random initialization.

on them, and compare its performance with three state-of-the-art stereo methods,
including the DispNet [51], MC-CNN [47], and SPS-ST [131]. The first two are deep
stereo matching methods, and the last one a traditional (non-deep) stereo method.
Quantitative comparison of their performances are reported in Table{4.1} from which
one can clearly see that our OpenStereoNet achieves the best performance through-
out all the metrics evaluated. For deep MC-CNN we use a model which was firstly
trained on Middlebury dataset for the sake of fair comparison. For SPS-ST, its meta-
parameters was also tuned on KITTI dataset. Figure{4.5 gives some sample visual

RN v

(a) Left frame (b) Sparse LIDAR (c) Ours (3.44%)

S PO Ad

(d) SPS-st (5.61%) (e) MC-CNN (4.75%) () DispNet (25.98%)

Figure 4.5: Our qualitative results on KITTI VO dataset: Results are reported on the D1_all
error metric. Disparities are transformed to log space for better visualization.

results for comparison. Note that our method obtains sharp and clean depth discon-
tinuity for cars and trees, better than the other methods. Dispnet, on the other hand,
is affected by shadows on road, with many artifacts on the road surface. A quan-
titative comparison is provided in Tablef4.1} Our method outperforms all baseline
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methods with a large margin.

Table 4.1: Quantitative results on KITTI VO dataset.

Methods |Abs Rel|Sq Rel RMSE|RMSE log|D1_all|d < 1.25
Dispnet [51] | 0.122 | 1.938 |8.844| 0.189 |32.045| 0.877
MC-CNN [47]| 0.069 |1.229 |6.002| 0.264 |8.018 | 0.932
SPS-st [131] | 0.060 |1.341|5.521| 0.159 |4.970| 0.957
Ours 0.053 | 0.540 |4.451| 0.137 |4.403 | 0.959

4.5.2 Synthia Dataset

The Synthia dataset [146] contains 7 sequences with different scenarios under differ-
ent seasons and lighting conditions. Our primary aim for experimenting on Synthia
is to analyze our network’s generalization (self-adaption) ability. We create a long
video sequence by combining together three Synthia sequences of the same scene
but under different seasons and lighting conditions. For example, Fig.{4.6] shows
some sample frames of Spring, Dawn and Night. We simply run our network model
on this video, and display the disparity error as a function of frames. We run our
network on this long sequence. For each condition, we report our quantitative and
qualitative results based on the first 250 frames of that sequence.

As shown in Fig. our network recovers consistently high quality disparity
maps regardless the lighting conditions. This claim is further proved by the quali-
tative results in Fig.{4.7] In term of disparity accuracy, our method achieves a Mean
Absolute Error (MAE) of 0.958 pixels on the Spring scene while the Dawn sequence
has reached an MAE of 0.7991 pixels and 1.2415 pixels for the Night sequence.

4.5.3 Ablation Studies: Effects of the LSTMs and Backprop

There are two mechanisms that contribute to the self-adaptive ability of our Open-
StereoNet, i.e., , the cLSTMs recurrent blocks and the backprop refinement process.
To understand their respective effects on the final performance of our network, we
conduct ablation studies by isolating their operations. To be precise, we have tested
the following four types of variants of our full networks: (type-1) remove LSTMs and
also disable the backprop process (i.e., , the baseline network); (type-2) remove LSTMs,
but keep backprop on; (type-3) with LSTMs on, without backprop, and (type-4) with
both LSTMs on and backprop on (i.e., , our full network).

Results by these four types of networks are given in the following curves in
Figure{4.8] One can clearly see the positive effects of the LSTM units and the back-
prop. In particular, adding LSTMs has reduced the loss function of the baseline
network significantly.

In another ablation test, we run the above type-3 network on the previous selected
KITTI VO sequence, and list their accuracy in Table- From this, one can see that
by applying the LSTM module, we have achieved better performance across all error
metrics.
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Figure 4.6: Our qualitative results on Synthia: Top to bottom: input left image, ground
truth disparity, our result. The first column is taken from the Spring subset, the middle
column is from Dawn, and the last column is from Night. Our method performs uniformly
on different sequences.
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Figure 4.7: We run our method on a continuous video sequence consisting of the same scene
under three different season/lighting conditions (spring, dawn, night). The curve shows the
final disparity error as a function of the stereo frame. From this curve it is clear that our
network is able to adapt to new scenarios automatically.

Table 4.2: Ablation study on LSTM module on KITTL

Methods Abs Rel|Sq Rel RMSERMSE log|D1_all|é < 1.25
Type-3 net (without LSTMs)| 0.066 |1.580 [5.332| 0.167 |5.089 | 0.957
Type-4 net (with LSTMs ) | 0.053 | 0.540 | 4.451| 0.137 |4.403| 0.959

4.5.4 Middlebury Stereo Dataset

The stereo pairs in the Middlebury stereo dataset [144, are indoor scenes with
multiple handcrafted layouts. The ground truth disparities are captured by struc-
tured light with higher density and precision than KITTI dataset. We report our
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Figure 4.8: We run our method on a continuous video sequence. The left figure shows the
comparison of absolute losses for the 4 types (note: the lower, the better), while the right
figure gives comparison of the relative loss against the the (type-1) baseline network (note:
the higher, the better). The y-axis indicates the final disparity errors, and x-axis the input
frame-Ids.

results on selected stereo pairs from Middlebury 2005 [144] and 2006 [145] and com-
pare with other baseline methods. In order to evaluate our method on these images,
we augmented each stereo pair to a stereo video sequence by simply repeating the
stereo pair.

We use bad-pixel-ratio as our error metrics used in this experiment, and all results
are reported with 1-pixel thresholding. As shown in Fig. our method achieves
superior performance than all baseline methods. Other deep learning based methods
have even worse performance than the conventional method SPS-st when there is no
fine tuning.

(a) Aloe (b) GT 0.00% (c) Ours 4.34% (d) SPS-st (e) MC-CNN (f) DispNet
8.57% 16.72% 35.77%

Rl

() Dolls  (h) GT0.00% (i) Ours 6.88% (j) SPS-st () MC-CNN (I)  DispNet
15.54% 23.78% 44.52%

Figure 4.9: Our results on Middlebury: Left to right: Left image, ground-truth disparity,
our result, SPS-st result, MC-CNN result and DispNet result. We report the bad-pixel-ratio at
1-pixel threshold.
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4.5.5 Other open world stereo sequences

To further demonstrate the generalization ability of our OpenStereoNet, we test it on
a number of other freely downloaded stereo video datasets from the Internet. Note
that our network had never seen these test data before. Below we give some sample
results, obtained by our method and by the DispNet, on the Freiburg Sceneflow
Dataset [51] and on RDS-Random Dot Stereo.

Freiburg Sceneflow Dataset. We select two stereo videos from the Monkaa and
FlyingThings3D dataset and directly feed them into our network. Qualitative
results are shown in Figure{4.10and Figure{4.11| correspondingly. Our network pro-
duces very accurate disparity maps when compared with the ground truth disparity
maps. Furthermore, the reconstructed colour images with the estimated disparity
map further prove the effectiveness of our model.

Random dot stereo. We test the behavior of our OpenStereoNet on random dot
stereo images where there is no semantic content in the images. Our network works
well, however the DispNet fails miserably as shown in Figure@

Figure 4.10: Our qualitative results on Monkaa: From top to bottom: Left image, recon-
structed left image, recovered disparity map. From left to right: frame 11, frame 15, frame
133, frame 143.

4.6 Conclusions and Discussions

This chapter addresses a practical demand of deploying stereo matching technique to
unconstrained real-world environments with previously unseen or unfamiliar “open-
world” scenarios. We envisage such a stereo matching method that is able to take a
continuous live stereo video as input, and automatically predict the corresponding
disparity maps. To this end, this chapter has proposed a deep Recurrent Neural
Network (RNN) based stereo video matching method-OpenStereoNet. It consists of
a CNN Feature-Net, a Match-Net and two convolutional-LSTM recurrent blocks to
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Figure 4.11: Our qualitative results on FlyingThings3D: From left to right: Left image,
reconstructed left image, estimated disparity map, and ground truth.

Figure 4.12: Test results on RDS (Random dot stereo) images: Left to right: input stereo
(left image), ground-truth disparity (colour coded), our result, result by Dispnet. Our method

successfully recovers the correct disparity map, demonstrating its superior generalibility on
unseen images.

learn temporal dynamics in the scene. We do notice that finding optical flow (or
scene flow) between image frames is yet another feasible paradigm to encode and to
exploit temporal dynamics existed in a video sequence. However, we argue optical
flow itself is a significant research topic in itself, no less challenging than stereo
matching, and a comparison between the two approaches deserves to be a valuable
future work.

Our OpenStereoNet does not need ground-truth disparity maps for training. In
fact, there is even no clear distinction between training and testing as the network is
able to learn on-the-fly, and to adapt itself to never-seen-before imageries rapidly. We
have conducted extensive experiments on various datasets in order to validate the ef-
fectiveness of our network. Importantly, we have found that our network generalizes
well to new scenarios. Evaluated based on absolute performance metrics for stereo,
our method outperforms state-of-the-art competing methods by a clear margin.



Chapter 5

Displacement Invariant Cost
Computation for Efficient Stereo
Matching

Although deep learning-based methods have dominated stereo matching leader-
boards with superior estimation accuracy, their inference time is long, typically in
the order of seconds for a pair of 540p images. The main reason is that leading meth-
ods employ 3D convolutions applied to a 4D feature volume, which is very time
consuming. A common strategy to speed up the computation is to downsample the
feature volume, but this loses high-frequency details. To overcome these challenges,
we propose an efficient cost-aggregation module to compute the matching costs without
needing a 4D feature volume. Rather, costs are aggregated by applying the same 2D
convolution network on each disparity-shifted feature map pair independently. Un-
like previous 2D convolution-based methods that simply perform context mapping
between inputs and disparity maps, our proposed approach learns to match features
between the two images. We also propose an entropy-based refinement strategy to
refine the computed disparity map, which further improves speed by avoiding the
need to compute a second disparity map on the right image. Extensive experiments
on standard datasets (SceneFlow, KITTI, ETH3D, and Middlebury) demonstrate that
our method achieves competitive accuracy with much less inference time. On typ-
ical image sizes, our method processes over 100 FPS on a desktop GPU, making
our method suitable for time-critical applications such as autonomous driving. We
also show that our approach generalizes well to unseen datasets, outperforming 4D-
volumetric methods!.

5.1 Introduction

Deep learning-based methods have achieved state-of-the-art on most of the standard
stereo matching benchmarks (i.e., KITTI [90], ETH3D [148], and Middlebury [149]).
This success is achieved by aggregating information in a 4D feature volume (height

LA similar work in optical flow was published in [147].
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Figure 5.1: Our method achieves stereo matching accuracy comparable to state-of-
the-art on the KITTI 2015 test dataset, while operating at 100 FPS. (Best viewed on
screen.)

x width x disparity levels x feature dimension), which is formed by concatenating
each feature in one image with its corresponding feature in the other image, across all
pixels and disparity levels. To process such a 4D volume, expensive 3D convolutions
are utilized, thus making these methods significantly more time- and space-intensive
than traditional approaches like semi-global matching (SGM) [7] and its variants
[150]. For example, the traditional method known as embedded SGM [150] achieves
100 FPS (frames per second) for a pair of 540p images, whereas most deep learning-
based methods only manage about 2 FPS. Moreover, since this 4D feature volume
grows with the cube of resolution, high-resolution depth estimation is prohibitively
expensive.

In this chapter, we propose to overcome these limitations with an efficient cost
aggregation module that learns to match features of stereo images using only 2D convo-
lutions. Unlike previous 2D convolution-based methods [51} 52, 138], however, ours
does not rely upon context matching between pixels and disparities; rather, due to
its unique design, our network learns to match pixels between the two images. The
key insight behind our approach is to compute the cost of each disparity shift inde-
pendently using the same 2D convolution-based network. This vastly reduces the
number of parameters and memory requirements for training and it also reduces
time and memory costs during inference, as it does not need to explicitly store a
4D feature volume before cost aggregation. Also, we leverage entropy maps that
computed from 3D cost volume as confidence maps to guide the refinement of dis-
parities. As a result, our proposed method is not only significantly faster than 3D
convolution-based volumetric methods, e.g., GA-Net [50], but it also achieves better
cross-dataset generalization ability. The entire system is trained end-to-end.

Our method contains the following contributions:

¢ An efficient cost aggregation module for stereo matching that uses 2D convolu-

tions on disparity-shifted feature map pairs, which achieves significant speedup
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over standard volumetric approaches with much lower memory requirements.
¢ A new entropy based refinement scheme that bypasses the need for estimating
disparity for the right view, which further reduces the processing time and
memory consumption.
o State-of-the-art performance on all three benchmarks compared with existing
real-time methods, and better generalization performance than existing meth-
ods.

5.2 Related work

Given a pair of rectified stereo images, stereo matching attempts to find a matching
point for each pixel on the corresponding epipolar line. Stereo matching has been
extensively studied for decades in computer vision. Here we discuss a few popular
and recent methods that are closely related to our approach. Interested readers are
referred to recent survey papers such as [43] and [136]].

5.2.1 Traditional Stereo Matching

Traditional stereo matching methods can be roughly divided into two classes: local
methods and global methods. The typical pipeline for a local method has four con-
secutive steps: 1) compute costs at a given disparity for each pixel; 2) sum up the
costs over a window; 3) select the disparity that has the minimal cost; 4) perform a
series of post-processing steps to refine the final results. Local methods [43, 44] have
the advantage of speed. Since each cost within a window can be independently com-
puted, these methods are highly parallelizable. The disadvantage of such methods is
that they can only achieve sub-optimal results because they only consider local infor-
mation. Global methods [45, 46] have been proposed to address this issue. They treat
the disparity assignment task as a maximum flow / minimum cut problem and try
to minimize a global cost function. However, such algorithms are typically too slow
for real-time applications. Semi-global matching (SGM) [7] is a compromise between
these two extremes, which could achieve more accurate results than local methods
without sacrificing speed significantly.

5.2.2 Deep Stereo Matching

Unlike traditional methods, deep stereo matching methods can learn to deal with
difficult scenarios, such as repetitive textures or textureless regions, from ground
truth data. A deep stereo method is often trained to benefit from one of the following
aspects: 1) learning better features or metrics [47]; 2) learning better regularization
terms [48]]; 3) learning better refinement [49]; 4) learning better cost aggregation
[50]; 5) learning direct disparity regression [51]. Based on the network structure, we
divided these methods into two classes:

Direct Regression methods often use an encoder-decoder to directly regress dispar-
ity maps from input images [51} 52} 53| 54]. Such methods learn in a brute force man-
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ner, discarding decades of acquired knowledge obtained by classical stereo matching
research. When there are enough training data, and the train and test distributions
are similar, such methods can work well. For example, iResNet [52] won first place in
the 2018 Robust Vision Challenge. Also, since such methods only employ 2D convo-
lutions, they can easily achieve real-time or near real-time processing and have low
GPU memory consumption. However, these methods lack the ability to generalize
effectively, e.g., DispNet [51] fails random dot stereo tests [15]].

Volumetric Methods [56, 50, 14, 57] build a 4D feature volume using features ex-
tracted from stereo pairs, which is then processed with multiple 3D convolutions.
These methods leverage the concept of semi-global matching while replacing hand-
crafted cost computation and cost aggregation steps with 3D convolutions. Since this
type of network is forced to learn matching, volumetric methods easily pass random
dot stereo tests [15]. However, they suffer from high processing times and high GPU
memory consumption [50]. To overcome these issues, some researchers build the
feature volume at a lower image resolution to reduce memory footprint [49, [151],
or prune the feature volume by generating a confidence range for each pixel and
aggregating costs within it [152]. However, lowering the resolution of the feature
volume makes it difficult to recover high-frequency information. To restore these lost
details, volumetric networks typically use colour-guided refinement layers as a final
processing stage.

5.2.3 Real-time Stereo Matching

Several real-time deep stereo matching networks have been proposed recently. Stere-
oNet [49] achieves real-time performance at the cost of losing high frequency details
due to a low resolution 4D cost volume, i.e., 1/8 or 1/16 of the input images. DispNet
[51] and MADNet [53] discard the general pipeline of stereo matching and design
a context regression network that directly regresses disparity maps from the input
images; these approaches suffer generalization problems as shown in [15].

To overcome the limitations of previous methods, our proposed approach uses an
efficient cost aggregation module to achieve super real-time inference while, at the
same time, preserving most high-frequency details by constructing a 3D cost volume
on 1/3 of the input resolution. Moreover, experiments in Section show that our
method achieves better generalization ability than 4D volumetric methods.

5.3 Method

In this section, we first describe the overall architecture and then provide a detailed
analysis of our proposed efficient cost aggregation module. Unlike existing volumetric
methods, our method does not need to construct a 4D feature volume or use 3D con-
volutions for cost aggregation, which are the main barriers for applying volumetric
methods to high-resolution images. By processing each disparity shift independently,
our network only needs 2D convolutions to perform cost aggregation. We also pro-
pose a new refinement scheme using entropy, which bypasses the need to estimate
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Figure 5.2: Overall Architecture of our Stereo Network, consisting of four compo-
nents: Feature Net, Matching Net, Projection Layer and Refine Net. Given a pair of
stereo images, the Feature Net produces feature maps which are processed by the
Matching Net to generate a 3D cost volume (see Section [5.3.2). The Projection Layer
projects the volume to obtain a disparity map while also computing an entropy map.
The Refine Net takes the left image and the output of the Projection Layer to generate
the final disparity map.

disparity for the right view.

5.3.1 Network Architecture

Fig. illustrates the overall architecture of our framework, which consists of four
major parts: (1) Feature Net, (2) Matching Net, (3) Projection Layer, and (4) Refine
Net.

Feature Net. A deeper feature net has a larger receptive field and can extract
richer information. Therefore, researchers often use more than 15 layers for feature
extraction 50]. In practice, we find that increasing the number of layers in the
feature net does not help much for the final accuracy, e.g., MC-CNN [47]. Therefore,
in our feature net design, we use a shallow structure that only contains 8 convo-
lutional layers. We first downsample the input images using a 3 x 3 convolution
with a stride of 3. Three dilated convolutions are then applied to enlarge the recep-
tive field. We also adopt a reduced spatial pyramid pooling (SPP) module to
combine features from different scales to relieve the fixed-size constraint of a CNN.
Our SPP module contains two average pooling layers: 64 x 64 and 16 x 16. Each of
them follows a 1 x 1 convolution and a bilinear upsampling layer. We concatenate
feature maps that feed into our SPP module, then pass them to a 3 x 3 convolution
with output channel size of 96. The final feature map is generated by 1 x 1 convolu-
tion without batch normalization and activation functions. Following previous work
50], we use 32-channel feature maps.

Matching Net. Our Matching Net computes a cost map on each disparity level.
We adopt a skip-connected U-Net with some modifications. In particular, we
downsample each concatenated feature map four times using 3 x 3 convolutions with
a stride of 2. For each scale, we filter the feature maps with one 3 x 3 convolution
followed by a batch normalization layer and a ReLU activation layer. We set the fea-
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ture size of each scale at 48, 64, 96 and 128 respectively. For upsampling layers, we
use 4 x 4 deconvolution layers with a stride of 2 and reduce the feature dimension
accordingly. A 3 x 3 convolutional layer with feature size of 1, with no batch normal-
ization nor activation applied to generate the final cost map. Our Matching Net has
17 layers in total.

Projection layer. After building a 3D
cost volume, we use a projection layer
to select the disparity with the lowest
matching cost. Similar to previous vol-
umetric methods [56, (14}, 50], we use the
soft-argmin operation to generate a dis-
parity. The soft-argmin operation is de- L
fined as: e Post-softmax Probability Distributions
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where ¢, is the matching cost at dispar- Figure 5.3: Entropy Map Analysis. In the
ity d, D is the preset maximum disparity entropy map, red colour co.rresponds to high
level and ¢(+) denotes the softmax oper- entropy value. Best viewed in colour.

ator.

With little additional computation, the projection layer also generates an entropy
map to estimate the confidence of each pixel. The entropy of each pixel is defined as:

h=— " o(—c)log(o(—ca)) 52)
d=0

We apply a softmax operation on the cost to convert it to a probability distribution
before computing the entropy. Fig. shows the resulting entropy map: pixels on
texture-less areas (e.g., red dot in the carpet) have high entropy, whereas the pixels on
the texture-rich areas (e.g., blue dot in the shelf) have low entropy. The bottom of the
tigure shows the post-softmax probability distribution curves of two selected pixels.
A unimodal curve indicates low entropy (high confidence) for the pixel’s estimated
disparity, whereas a multimodal curve indicates high entropy (low confidence).

Refine Net. There are several choices in designing our refine net. StereoNet
[49] proposes a refine net that takes the raw disparity map and the left image as
inputs. StereoDRNet [155] uses a similar refine net but takes the disparity map, the
left image, image warping error map and disparity warping error map as inputs.
The main drawback of such a design is that computing these error maps requires
both left and right disparity maps, which costs extra time and memory. As shown in
Fig.[5.3| the entropy map can provide similar information with less computation and
memory. Therefore, we use a similar refine net architecture as StereoDRNet [155] but
use the disparity map, left image and entropy map as inputs.
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Figure 5.4: Volumetric methods vs. Proposed method. Our method runs share-
weighted Matching Net on disparity shifted feature maps using 2D convolutions
before 3D cost volume formation. In contrast, previous volumetric methods perform
matching using 3D convolutions after constructing a 4D feature volume.

5.3.2 Efficient Cost Aggregation

Existing volumetric methods construct a 4D feature volume, which is processed with
3D convolutions to learn the matching cost, as shown in Fig. (a). With such an
approach, the matching cost for pixel p at disparity level d for such approaches is
calculated as:

csp(p,d) = gsp(pan(fF(IM(p)) | F(IR(p—d)))),  (volumetric) (5.3)

where f(+) is a feature network to convert images to feature maps, ¢4p(-||-) denotes
the concatenation of disparity-shifted feature map pairs on every possible disparity
shift, and g3p(-) is a 3D convolution-based matching network that computes and
aggregates the matching cost based on feature maps and neighboring disparity shifts.
Therefore, the cost will be different if we shuffle the concatenated feature maps along
the disparity dimension.

In contrast, our proposed Efficient Cost Aggregation (ECA) only requires 2D con-
volutions. As shown in Fig. (b), the exact same matching net is applied to each
disparity-shifted feature map pair, thus ensuring that cost aggregation is only de-
pendent on the current disparity shift. Unlike 3D convolution-based methods, our
matching cost will be identical if we shuffle the concatenated feature maps along the
disparity dimension.

Specifically, let us consider a matching cost computation for pixel p at disparity
level d. In our method, we compute the matching cost as follows:

cp(p,d) = gop(f(IM(p)), f(IR(p—d))),  (ours) (5.4)

where f(-) is a feature net, and g>p(-) is a matching net that computes the matching
cost at each disparity level independently. Similar to MC-CNN [47], our proposed
approach learns a cost from a deep network. However, MC-CNN computes the
matching cost based on patches and then uses traditional semi-global cost aggre-
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Table 5.1: Computational resource comparison between Our Matching Net and Base-
line3D Matching Net. Runtime is measured on 540(H) x 960(W) resolution stereo pairs
with 192(D) disparity levels.

Methods Runtime(s) Params Memory Operations
Baseline3D Matching Net  0.150 384M IH x IWx ID x2F 733.8 Gflops
Our Matching Net 0.001 1.16M 1H x $W x 2F 5.4 Gflops

gation steps to generate the disparity map. Our approach, on the other hand, is an
end-to-end method that uses a network to perform cost computation and aggregation
simultaneously.

To better understand and compare the matching cost computation, we implement
Baseline3D using Equation for cost computation, and we implement Ours using
Equation to compute the matching cost. Baseline3D and Ours networks share
the same feature net and projection layer, but Baseline3D constructs a 4D feature
volume as in Fig. 5.4{(a) and replaces the 2D convolutions in our Matching Net with
3D convolutions. A detailed comparison can be found in Section [5.4.3]

In Table we compare the computational resources needed for Baseline3D
and our proposed Matching Net. Note that in order to compute matching cost for
each disparity level, we need to run our Matching Net 1D times. Since all disparity
levels are processed independently, we are allowed to run our Matching Net either in
parallel or sequentially. To construct a cost volume of size 1 H x sW x 1D, the former
one will need a memory of %H X %W X %D X 2F but can finish in 0.007s (including
memory allocation time). The latter one just needs a memory of $H x W x 2F as
all Matching Nets can share the same memory space and can finish in 0.07s. We
ignore the memory cost of convolution layers here as they may vary on different
architectures. It is worth noting that the main obstacle for training a volumetric
network on high resolution stereo pairs is that it requires the network to initialize a
giant 4D feature volume in GPU memory before cost aggregation and the size of the
feature volume increases as the cube of the inputs. However, since the 4D feature
volume is not required for our method, we can handle high resolution inputs and
large disparity ranges, i.e., our method can process a pair of 1500 x 1000 images with
400 disparity levels in Middlebury benchmark without further downsampling the
feature size to 1/64 as in HSM [151].

Another advantage of our method is better generalization capability. Unlike volu-
metric methods that utilize 3D convolutions to regularize H, W, D dimensions simul-
taneously, we force our method to learn matching costs only from H, W dimensions.
we argue that connections between H x W plane and D dimension is a double-edged
sword in computing the matching costs. While such connections do improve results
on a single dataset, in practice we find that they lead to higher cross-dataset errors

as verified in Section
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5.3.3 Loss Function

Following GA-Net [50], we use the smooth ¢; loss as our training loss function, which
is robust at disparity discontinuities and has low sensitivity to outliers or noise. Our
network outputs two disparity maps: a coarse prediction dearse from the soft-argmin
operation and a refined one d,fine from our refine net. We apply supervision on both
of them. Given the ground truth disparity dg;, the total loss function is defined as:

ﬁtotal = E(dcoarse - dgt) + Ag(dreﬁne - dgt)/ (5-5)

where A = 1.25, and

_ 0.5x2, |x| <1
to) = { |x| — 0.5, otherwise. (5.6)

5.4 Experimental Results

We implemented our stereo matching network in PyTorch. We used the same training
strategy and data argumentation as described in GA-Net [50] for easy comparison.
Our network was trained in an end-to-end manner with the Adam optimizer (81 =
0.9, B2 = 0.999). We randomly cropped the input images to 240 x 576 and used a
batch size of 104 on 8 Nvidia Tesla V100 GPUs. We pre-trained our network from
random initialization and a constant learning rate of 1e-3 on the SceneFlow dataset
for 60 epochs. Each epoch took around 15 minutes and the total pre-training process
took around 15 hours. For inference, our network can run 100 FPS on NVIDIA Titan
RTX (excluding CPU-GPU data transfer time) and occupies less than 2 GB memory
for a pair of 384 x1280 stereo images. We add different disparity levels as a batch and
run the Matching Net over it to achieve parallelism. We comprehensively studied
the characteristics of our network in ablation studies and evaluated our network on
leading stereo benchmarks.

5.4.1 Datasets

Our method was evaluated on the following datasets:

SceneFlow dataset. SceneFlow [51] is a large synthetic dataset containing 35454
training and 4370 testing images with a typical image dimension of 540 x 960. This
dataset provides both left and right disparity maps, but we only use the left ones for
training. Note that for some sequences, the maximum disparity level is larger than
a pre-set limit (192 for this dataset), so we exclude these pixels in our training and
evaluation. We use this dataset for pre-training and ablation studies.

KITTI 2015 dataset. KITTI 2015 contains 200 real-world drive scene stereo pairs
for training and 200 for testing. They have a fixed baseline but the focal lengths could
vary. The typical resolution of KITTI images is 376 x 1240. The semi-dense ground
truth disparity maps are generated by Velodyne HDL64E LiDARs with manually
inserted 3D CAD models for cars [90]. From the training set, we randomly select 160
frames for training and 40 frames for validation. We use a maximum disparity level
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of 192 in this dataset. We report our results on the test set benchmark, whose ground
truth is withheld.

ETH3D stereo dataset. ETH3D is a small dataset that contains 27 images for
training and 20 for testing, for both indoor and outdoor scenes. It is a challenging
dataset in that most stereo pairs have different lighting conditions. In other words,
the Lambertian assumption for stereo matching may not hold in some areas. More-
over, unlike all the other datasets which have colour inputs, ETH3D is grayscale. It
requires the network to handle different channel statistics and extract features that
are robust to lighting conditions. The maximum input resolution is 576 x 960. Since
the maximum disparity of this dataset is very small, we reduce the maximum dis-
parity level to 48 for this dataset.

Middlebury 2014 stereo dataset. Middlebury 2014 is another small dataset. It
contains 15 images for training and 15 for testing. This dataset is challenging for
deep stereo methods not only because of the small size of the training set, but also
due to the high resolution imagery with many thin objects. The full resolution of
Middlebury is up to 3000 x 2000 with 800 disparity levels. To fit in GPU mem-
ory, most deep stereo methods can only operate on quarter-resolution images. As
a consequence, many details are missed at that resolution which leads to a reduced
accuracy. We use half resolution and 432 disparity levels.

5.4.2 Evaluation on Benchmarks

In this section, we provide results on three well-known stereo matching benchmarks:
KITTI 2015, ETH3D, and Middlebury. We fine-tuned the SceneFlow pre-trained
model on each benchmark. The algorithms are divided into two categories based
on runtime: below 10 FPS and above 10 FPS.

KITTT 2015. Table shows the accuracy and runtime of leading algorithms
on the KITTI 2015 benchmark. Our method is the fastest and most accurate among
real-time algorithms. Fig.[5.5| visualizes several results on the test set.

ETH3D. Table [5.3|shows quantitative results of our method on the ETH3D bench-
mark. Our method achieves competitive performance while being significantly faster
than all the other methods. A qualitative comparison of our method with other SOTA
algorithms is shown in Fig.

Middlebury 2014. Our method is the only deep learning-based method that
can achieve real-time performance on the Middlebury dataset. By accuracy, it is the
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Table 5.2: Results on KITTI 2015 test set. Bold indicates the best, while underline
indicates the second best.

Non-occ (%) All (%)
Method  Runtime(s)  bg fg all bg fg all
MC-CNN [47] 67.00 248 764 333 289 888 3.89
PDSnet [156] 0.50 209 368 236 229 405 258
CRL [138] 0.47 232 368 236 248 359 267
) SDRNet [155] 0.23 157 458 206 172 495 226
.g PSMnet [157] 0.41 171 431 214 186 462 232
= GC-Net [56] 0.90 202 312 245 221 616 287
£  NVStereoNet [57] 0.60 203 441 242 262 569 313
5 iResNet [52] 0.12 215 255 222 235 323 250
Z M2S_CSPN [158] 0.50 140 267 1.61 151 288 174
HSM [151] 0.15 163 340 192 180 385 214
EMCUA [159] 0.90 150 388 190 166 427 209
GA-Net-15 [50] 0.36 140 337 173 155 382 193
DPruner_Best [152] 0.18 1.71 3.18 195 187 3.56 215
StereoNet [49] 0.02 - - - 430 745 483
Y MAD-Net [53] 0.02 345 841 427 375 9.2 4.66
E DispNetC [51] 0.04 411 372 405 432 441 434
= DeepCostAggr [160] 0.03 482 1011 5.69 534 1135 6.34
& RTSNet [161] 0.02 267 583 319 28 619 341
Ours 0.01 212 388 242 251 462 2.86

Table 5.3: Results on ETH3D test dataset. Bold indicates the best, while underline
indicates the second best.

Methods time(s) EPE rmse bad-4.0 bad-2.0 bad-1.0 A99
HSM [151] 0.14 0.29 0.67 0.68 1.48 4.25 3.25
SDRNet [155] 0.15 0.34 0.71 0.50 1.66 6.02 3.07
iResNet [52] 0.20 0.25 0.59 0.34 1.20 4.04 2.70
DPruner [152] 0.16 0.28 0.58 0.34 1.04 3.82 2.61
PSMnet [157] 0.41 0.36 0.75 0.54 1.31 5.41 3.38
DN-CSS [162] 0.07 0.24 0.56 0.38 0.96 3.00 2.89
Ours 0.01 0.32 0.63 0.53 1.25 4.82 2.79

Table 5.4: Results on Middlebury 2014 test dataset. Bold indicates the best, while
underline indicates the second best.

Methods time(s) EPE rmse bad-4.0 bad-2.0 bad-1.0 A99
SGM [7] 0.32 5.32 20.0 12.2 184 31.1 109
HSM [151] 0.51 2.07 10.3 4.83 10.2 24.6 39.2
iResNet [52] 0.34 3.31 11.3 12.6 229 38.8 48.6
DPruner [152] 0.13 4.80 14.7 15.9 30.1 52.3 67.7
PSMNet [157] 0.64 6.68 19.4 235 421 63.9 84.5
DN-CSS [162] 0.66 4.04 13.9 14.7 22.8 36.0 58.8
Ours 0.04 3.12 13.8 7.22 154 35.1 55.6

second best among all competitors, as shown in Table Compared to the most
accurate approach (HSM), our method is 12x faster while has comparable accuracy.
Qualitative results are shown in Fig.
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Figure 5.7: Qualitative results on Middlebury 2014 test dataset.

Table 5.5: Contributions of each component. The first 3 rows compare the perfor-
mance (both speed and accuracy) between hand-crafted cost, Baseline3D and our
method. The last 3 rows show the contribution of each components of our method.

Architecture Variant Inference SceneFlow
Hand-crafted 3D 2D  RefineNet  Entropy time(s) EPE  bad-1.0
v 0.001 6.05 59.13
v 0.15 0.78 8.11
v 0.007 1.20 10.31
v v 0.01 1.14 10.16
v v v 0.01 1.09 9.67

5.4.3 Model Design Analysis

In this section, we analyze the components of our network structure and justify
the design choices, including the performance differences between our proposed
method, hand-crafted cost computation and Baseline3D, the effectiveness of entropy
map and the robustness and generalizability of our network. All experiments are
conducted on the SceneFlow dataset except the robustness experiment.
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Figure 5.8: Qualitative comparison on the SceneFlow dataset.

5.4.3.1 Ours vs. Baseline3D.

To fairly analyze the benefits and disadvantages of our method and volumetric
method (Baseline3D), we compare them using exactly the same training strategy,
and settings. For the sake of completeness, we also compare the performance with
hand-crafted cost using cssp(p,d) = Lgen;, ||f(I"(p)) — f(IX(p —4d))] i, where N,
is a local patch around p.

A detailed comparison is shown in Table. 5.5 As expected, using hand-crafted
costs fails to generate meaningful results. Baseline3D achieves the best performance
in accuracy but is 15x slower than Ours. Compared with Baseline3D, the perfor-
mance of proposed method drops from 0.78 pixels EPE to 1.09 pixels, which is ac-
ceptable in many real-world scenarios. In fact, our method achieves the top accuracy
among all real-time algorithms as shown in Table. 5.6

A qualitative comparison of Ours and Baseline3D is provided in Fig. and
Fig. where both approaches generate high-quality disparity maps. Baseline3D
has better occlusion handling ability: By jointly regularizing spatial and disparity
domain, the network can better pre-scale the matching costs to handle the multi-
modal situation. However, Baseline3D has a drawback that we will address in the
next section. We further analyze the contribution of each component of proposed
network, including the use of refine net and the entropy of the cost volume as input
to the refine net. In Table. we can see that by adding the refine net, the EPE drops
from 1.20 to 1.14 and the bad-1.0 drops from 10.31 to 10.16. Adding the entropy map
further boosts the accuracy more than 5%. We posit that the entropy map provides
evidence for the refine net as to which parts of the disparity map are unreliable and
need to be smoothed using priors.

In Table we compare our methods with SOTA deep stereo methods on the
SceneFlow dataset. Baseline3D achieves top performance (in terms of both accu-
racy and speed) among non-real time methods, while our method with refinement
achieves the top performance among real-time methods. It is worth noting that pre-
vious 2D convolution based methods [138, 52] need a large number of parameters to
learn the context mapping between inputs and disparity maps. By using proposed
cost aggregation, our network achieves better accuracy, is significantly faster, and
requires a fraction of the parameters as previous 2D convolution based methods.
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Figure 5.9: Qualitative comparison on cross-dataset study. The SceneFlow pre-
trained models were tested on Middlebury 2014 and KITTI 2015 training sets without
any finetuning. Note that Ours generalizes better across datasets than Baseline3D.

Table 5.6: Quantitative results on SceneFlow dataset. Our model is the fastest and
the most accurate among real-time algorithms.

Methods EPE (pix) bad-1.0 Params Runtime(s)

Q GC-Net[56] 1.84 15.6 3.5M 0.9
£ CRL[138] 1.32 . 78.77M 047
= iResNet[52] 2.45 9.28 43.34M 0.15
$ PSMNet[157] 1.09 12.1 5.22M 0.41

g CSPN[I58] 0.78 - - 05
Z SDRNet[155] 0.86 - - 0.28
GA-Net[50] 0.78 8.7 6.58M 1.9
DPruner[152] 0.86 - - 0.18
Baseline3D 0.78 8.11 4.26M 0.15
g DispNetC[51] 1.68 - - 0.04
5 StereoNet[49] 1.10 - - 0.02
~ Ours 1.09 9.67 1.70M 0.01

5.4.3.2 Robustness and Generalizability

In the previous section, we showed that Baseline3D yields higher accuracy than Ours,
while being significantly slower. Aside from speed and memory consumption, we
consider other drawbacks in using 3D convolutions. Since spatial information should
be independent of disparity, there is a risk that using 3D convolutions may cause the
network to learn relationships that are present only in one specific dataset, which
may actually hinder its generalization performance on other unseen datasets.

To test this hypothesis, we compared the generalizability of Ours and Baseline3D
methods using the SceneFlow-pretrained models, by testing them on the Middlebury
and KITTI 2015 training sets, without fine-tuning. Table 5.7 shows the quantitative
results. For better comparison, we use SOTA method GA-Net [50] as the reference
method. Ours consistently achieves better cross-dataset performance on these two
datasets, supporting our hypothesis. The results in Fig. show that Baseline3D
generates false boundaries on the road plane while Ours does not, because the former
has learned spurious associations from the training set.
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Table 5.7: Results on cross-dataset study. SceneFlow pre-trained models were tested
on Middlebury 2014 and KITTI 2015 training sets without any finetuning.

Middlebury KITTI 2015
Methods bad-1.0 bad-2.0 bad-4.0 avgerr rms EPE bad-1.0 bad-2.0 bad-3.0
GA-Net-deep [50] 59.9 38.1 198 494 13.6 1.70 42.35% 18.29% 10.77%
Baseline3D 53.0 33.7 20.1 135 344 192 46.76% 21.02% 12.03%
Ours 51.4 33.1 19.6 6.67 19.2 1.63 37.55% 17.54% 10.88%

5.4.3.3 Random Dot Stereo

Random Dot Stereograms (RDSs) [163]] were introduced many decades ago to evalu-
ate depth perception in the human visual system. RDSs were key to establishing the
fact that the human visual system is capable of estimating depth simply by matching
patterns in the left and right images, without utilizing any monocular cues (lighting,
colour, texture, shape, familiar objects, and so forth). Similarly, we argue that arti-
ficial stereo algorithms should be able to process random dot stereograms, and that
this ability provides key evidence to understand the actual behavior of the networks,
i.e., context mapping or matching.

In random dot stereo pairs, there is no semantic context. Therefore, methods that
fail this test, but that otherwise do well on benchmarks, are mostly likely relying on
monocular, semantic cues for inference. Such methods (including DispNet, and those
that build upon DispNet) will struggle to process images whose distribution varies
significantly from the training distribution, because they do not actually match pixels
between images. In this section, we compare our method with the recent MADNet
[53]] to evaluate this claim.

RDS Dataset We created a Random Dot Stereogram (RDS) dataset for the test.
The dataset contains 2000 frames, 1800 for training and 200 for testing. Randomly
selected chair meshes from a subset of ShapeNet Core dataset [164] are randomly
positioned in scenes. Each scene contains four objects and these objects were also
randomly scaled and rotated and placed at a distance between 2 to 3 meters. We
added a slanted background plane to the scene at a distance between 2 and 7 meters.
The world origin is randomly translated within a 0.2 x 0.2 x 0.2 meter box and the
z-axis of the world coordinate points towards the center of the scene. We set a virtual
left camera on the left of the origin with a translation of (0,—0.1,0)" and a right
camera on the right with a translation of (0,0.1,0)". We used a fixed focal length
f = 929.426 and a fixed image size 720 x 1280 and the camera center is (cy,c;) =
(621.749,357.298). For each sample, we randomly generated a random dot texture
and apply it to the meshes in the cyclopean view [165] (a virtual view placed in the
middle of the left and right view). The RDS pairs were then generated by projecting
the meshes to the left and right image planes with sub-pixel accuracy ground truth.

We provide qualitative and quantitative results on the RDS dataset of Ours and
MADNet [53]. We fine-tuned Ours for 200 epochs with the ground truth. For MAD-
Net, since it is a self-supervised method, we allow it to perform online fine-tuning for
200 epochs. The quantitative results are shown in Table Unlike MADNet, Ours
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Table 5.8: Quantitative Results on RDS dataset.

Methods EPE bad-1.0 bad-2.0 bad-3.0
MADNet 51.21 99.42 98.84 98.26
Ours 1.02 5.45 3.59 2.93
Left Image Ground Truth Ours

MADNet [53]

Figure 5.10: Qualitative results on the Random Dot Stereo dataset. Our network is
able to recover disparities from RDS images while MADNet can not. The black
holes in the left image is due to the occlusion between the left view and the cyclopean
view [165].

successfully produces high-quality disparity maps, as shown in Figure To the
best of our knowledge, our approach is the only end-to-end 2D convolution-based
method that can pass the RDS test. This is because other 2D convolution-based
methods are more rely on context information while our method is trying to find
corresponding points with matching.

5.5 Conclusion

In this chapter, we have proposed a highly efficient deep stereo matching network.
Our method is not only on par with the state-of-the-art deep stereo matching meth-
ods in terms of accuracy, but is also able to run in super real-time, i.e., over 100 FPS
on typical image sizes. This makes our method suitable for time-critical applica-
tions such as robotics and autonomous driving. The key to our success is Efficient
Cost Aggregation, where 2D convolutions based cost aggregation is independently
applied to all disparity levels to construct a 3D cost volume. We have extended
this framework to the problem of optical flow estimation where a direct extension
of volumetric methods will lead to a 5D feature volume and the requirement of 4D
convolutions in [147].



Chapter 6

Hierarchical Neural Architecture
Search for Deep Stereo Matching

To reduce the human efforts in neural network design, Neural Architecture Search
(NAS) has been applied with remarkable success to various high-level vision tasks
such as classification and semantic segmentation. The underlying idea for the NAS
algorithm is straightforward, namely, to enable the network the ability to choose
among a set of operations (e.g., convolution with different filter sizes), one is able to
find an optimal architecture that is better adapted to the problem at hand. However,
so far the success of NAS has not been enjoyed by low-level geometric vision tasks
such as stereo matching. This is partly due to the fact that state-of-the-art deep stereo
matching networks, designed by humans, are already sheer in size. Directly apply-
ing the NAS to such massive structures is computationally prohibitive based on the
currently available mainstream computing resources. In this chapter, we propose the
first end-to-end hierarchical NAS framework for deep stereo matching by incorporat-
ing task-specific human knowledge into the neural architecture search framework.
Specifically, following the gold standard pipeline for deep stereo matching (ie., ,
feature extraction — feature volume construction and dense matching), we optimize
the architectures of the entire pipeline jointly. Extensive experiments show that our
searched network outperforms all state-of-the-art deep stereo matching architectures
and is ranked at the top 1 accuracy on KITTI stereo 2012, 2015 and Middlebury
benchmarks, as well as the top 1 on SceneFlow dataset with a substantial improve-

ment on the size of the network and the speed of inference!.

6.1 Introduction

Stereo matching attempts to find dense correspondences between a pair of rectified
stereo images and estimate a dense disparity map. Being a classic vision problem,
stereo matching has been extensively studied for almost half a century [1]. Since
MC-CNN [47], a large number of deep neural network architectures [51, 56, 52, 50]
have been proposed for solving the stereo matching problem. Based on the adopted

IThis work was originally published in [166].
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Figure 6.1: Our proposed method, LEAStereo (Learning Effective Architecture Stereo), sets
a new state-of-the-art on the KITTI 2015 test dataset with much fewer parameters and much
lower inference time.

network structures, existing deep stereo networks can be roughly classified into two
categories: I. direct regression and II. volumetric methods.

Direct regression methods are based on direct regression of dense per-pixel dis-
parity from the input images, without taking into account the geometric constraints
in stereo matching [92]. In the majority of cases, this is achieved by employing
large U-shape encoder-decoder networks with 2D convolutions to infer the disparity
map. While enjoying a fully data-driven approach, recent studies raise some con-
cerns about the generalization ability of the direct regression methods. For example,
the DispNet [51] fails the random dot stereo tests [15].

In contrast, the volumetric methods leverage the concept of semi-global match-
ing [7] and build a 4D feature volume by concatenating features from each disparity-
shift. To this end, the volumetric methods often make use of two building blocks, the
so-called I. feature net and II. matching net. As the names imply, the feature net ex-
tracts features from the input images and the matching net compute matching costs
from the 4D feature volume with 3D convolutions. Different designs of the feature
net and the matching net form variants of the volumetric networks [56, 14, (157, 149,
50]. Nowadays, the volumetric methods represent the state-of-the-art in deep stereo
matching and top the leader-board across different benchmark datasets. Despite
the success, designing a good architecture for volumetric methods remains an open
question in deep stereo matching.

On a separate line of research and to reduce the human efforts in designing neu-
ral networks, Neural Architecture Search (NAS) has mounted tremendous successes
in various high-level vision tasks such as classification [167, (168 [169], object detec-
tion [170, 171], and semantic segmentation [172} 173, 174]. Connecting the dots, one
may assume that marrying the two parties, i.e., employing NAS to design a volumet-
ric method for stereo matching, is an easy ride. Unfortunately this is not the case.
In general, NAS needs to search through a humongous set of possible architectures
to pick the network components (e.g., the filter size of convolution in a certain layer).
This demands heavy computational load (early versions of NAS algorithms [175}[176]
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need thousands of GPU hours to find an architecture on the CIFAR dataset [177]).
Add to this, the nature of volumetric methods are very memory hungry. For exam-
ple, the volumetric networks in [56, (157, [15| 50] require six to eight Gigabytes of GPU
memory for training per batch! Therefore, end-to-end search of architectures for vol-
umetric networks has been considered prohibitive due to the explosion of computa-
tional resource demands. This is probably why, in the only previous attempt?, Saikia
et al. [178] search the architecture based on the direct regression methods, and they
only search partially three different cell structures rather than the full architecture.
In this chapter, we leverage the volumetric stereo matching pipeline and allow the
network to automatically select the optimal structures for both the Feature Net and
the Matching Net. Different from previous NAS algorithms that only have a single
encoder / encoder-decoder architecture [172, 178, [174], our algorithm enables us to
search over the structure of both networks, the size of the feature maps, the size of the
feature volume and the size of the output disparity. Unlike AutoDispNet [178] that
only searches the cell level structures, we allow the network to search for both the cell
level structures and the network level structures, e.g., the arrangement of the cells. To
sum up, we achieve the first end-to-end hierarchical NAS framework for deep stereo
matching by incorporating the geometric knowledge into neural architecture search.
We not only avoid the explosive demands of computational resources in searching
architectures, but also achieve better performances compared to naively searching
an architecture in a very large search space. Our method outperforms a large set of
state-of-the-art algorithms on various benchmarks (e.g., topping all previous studies
on the KITTI and Middlebury benchmarks® ). This includes man-designed networks
such as [50} [179] and the NAS work of Saikia et al. [178], not only in accuracy but
also in inference time and the size of the resulting network (as shown in Figure [6.1).

6.2 Related Work

Deep Stereo Matching MC-CNN [47] is the first deep learning based stereo matching
method. It replaces handcrafted features with learned features and achieves better
performance. DispNet [51] is the first end-to-end deep stereo matching approach. It
tries to directly regress the disparity maps from stereo pairs. The overall architecture
is a large U-shape encoder-decoder network with skip connections. Since it does
not leverage on pre-acquired human knowledge in stereo matching, this network is
totally data-driven, and requires large training data and often hard to train. GC-Net
[56] used a 4D feature volume to mimic the first step of conventional stereo matching
pipeline and a soft-argmin process to mimic the second step. By encoding such hu-
man knowledge in network design, training becomes easier while maintaining high
accuracies. Similar to our work, GC-Net also consists of two sub-networks to pre-
dict disparities. GA-Net [151] proposes a semi-global aggregation layer and a local

2To the best of our knowledge.

3At the time of submitting this draft, our algorithm, LEAStereo, is ranked 1 in the KITTI 2015,
and KITTI 2012 benchmark, and ranked 1 according to Bad 4.0, avgerr, rms, A95, A99 metrics on
Middlebury benchmark.


http://www.cvlibs.net/datasets/kitti/eval_scene_flow.php?benchmark=stereo
http://www.cvlibs.net/datasets/kitti/eval_stereo_flow.php?benchmark=stereo
http://vision.middlebury.edu/stereo/eval3/
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guided aggregation layer to capture the local and the whole-image cost dependencies
respectively. Generally speaking and as alluded to earlier, designing a good structure
for stereo matching is very difficult, despite considerable effort put in by the vision
community.

Neural Architecture Search for Dense Predictions Rapid progress on NAS for
image classification or object detection has been witnessed as of late. In contrast, only
a handful of studies target the problem of dense predictions such as scene parsing,
and semantic segmentation. Pioneer works [180, 181] propose a super-net that embed
a large number of architectures in a grid arrangement and adopt them for the task
of semantic segmentation. To deal with the explosion of computational demands in
dense prediction, Chen et al. [182] employ a handcrafted backbone and only search
the decoder architecture. Rather than directly searching architectures on large-scale
dense prediction tasks, they design a small scale proxy task to evaluate the searching
results. Nekrasov et al. [183] focus on the compactness of a network and utilized
a small-scale network backbone with over-parameterised auxiliary searchable cells
on top of it. Similarly, Zhang et al. [173] penalized the computational demands in
search operations, allowing the network to search an optimized architecture with
customized constraints. Auto-Deeplab [172] proposes a hierarchical search space for
semantic segmentation, allowing the network to self-select spatial resolution for en-
coders. FasterSeg [174] leverages on the idea of [173]] and [172], and introduces multi-
resolution branches to the search space to identify an effective semantic segmentation
network. AutoDispNet [178] applies NAS to disparity estimation by searching cell
structures for a large-scale U-shape encoder-decoder structure.

6.3 Our Method

In this section, we present our end-to-end hierarchical NAS stereo matching net-
work. In particular, we have benefited from decades of human knowledge in stereo
matching and previous successful handcrafted designs in the form of priors towards
architecture search and design. By leveraging task-specific human knowledge in the
search space design, we not only avoid the explosion demands of computational re-
sources in searching architectures for high resolution dense prediction tasks, but also
achieve better accuracy compared to naively searching an architecture in a very large
search space.

6.3.1 Task-specific Architecture Search Space

We recall that the deep solutions for dense prediction (e.g., semantic segmentation,
stereo matching), usually opt for an encoder-decoder structure [172] 178, 174]. In-
spired by the Auto-DeepLab [172] for semantic segmentation, we propose a two-level
hierarchical search that allows us to identify both cell-level and network-level struc-
tures*. Directly extending ideas from semantic segmentation might not necessarily

4We would like to stress that our framework, in contrast to the Auto-DeepLab, searches for the full
architecture (Auto-DeepLab only searches for the architecture of the encoder).
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Figure 6.2: The pipeline of our proposed stereo matching network. Our network consists
of four components: 2D Feature Net, 4D Feature Volume, 3D Matching Net, and Projec-
tion Layer. Given a pair of stereo images, the Feature Net produces feature maps that are
processed by the Matching Net to generate a 3D cost volume. The disparity map can be
projected from the cost volume with soft-argmin operation. Since the Feature Net and the
Matching Net are the only two modules that contain trainable parameters, we utilize the
NAS technique to select the optimal structures for them.

lead to viable solutions for stereo matching. A fully data-driven U-shape encoder-
decoder network is often hard to train, even with the help of NAS [178] in regressing
disparity maps. Volumetric stereo matching methods offer faster convergence and
better performance as their pipeline makes use of inductive bias (i.e., human knowl-
edge in network design). To be specific, volumetric solutions first obtain a matching
cost for all possible disparity levels at every pixel (based on the concepts of 3D ge-
ometry) and then use it to generate the disparity map (e.g., by using a soft-argmin
operation). One obvious drawback here is the overwhelming size of the resulting
network. This, makes it extremely difficult, if not impossible, to use volumetric solu-
tions along the NAS framework.

In this work, we embed the geometric knowledge for stereo matching into our
network architecture search. Our network consists of four major parts: a 2D feature
net that extracts local image features, a 4D feature volume, a 3D matching net to
compute and aggregate matching costs from concatenated features, and a soft-argmin
layer that projects the computed cost volumes to disparity maps. Since only the
feature net and the matching net involve trainable parameters, we leverage NAS
technique to search these two sub-networks. The overall structure of our network
is illustrated in Figure More details about the cell and network level search are
presented below.

6.3.1.1 Cell Level Search Space

A cell is defined as a core searchable unit in NAS. Following [184], we define a cell
as a fully-connected directed acyclic graph (DAG) with A nodes. Our cell contains
two input nodes, one output node and three intermediate nodes. For a layer [, the
output node is C; and the input nodes are the output node of its two preceding
layers (i.e., C;—»,C;—1). Let O be a set of candidate operations (e.g., 2D convolution,
skip connection). During the architecture search, the functionality of an intermediate
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node s) is described by:
sU) = Zo(i'j) (s(i)) ) 6.1)

i~]
Here, ~~ denotes that node i is connected to j and
v exp (ucgi’j )>

o(ifj)(x) = Z o oﬁi’j)(x) , (6.2)
r=1 le/:l exp (D‘s J )

with oﬁi’j ) being the r-th operation defined between the two nodes. In effect, to iden-

tify the operation connecting node i to node j, we make use of a mixing weight
vector alif) = (ocgi’j ),(xéi’j ),- . ,ocy’j )) along a softmax function. At the end of the
search phase, a discrete architecture is picked by choosing the most likely operation
between the nodes. That is, o(i/) = 051'] ) ; " = argmax, 0&51’]). Unlike [184] [178]], we
only need to search one type of cells for the feature and matching networks since the
change of spatial resolution is handled by our network level search. DARTS [184]
has a somehow inflexible search mechanism, in the sense that nodes C;_,,C;_1,C; are
required to have the same spatial and channel dimensionalities. We instead allow
the network to select different resolutions for each cell. To handle the divergence of
resolutions in neighbouring cells, we first check their resolutions and adjust them
accordingly by upsampling or downsampling if there is a mismatch.

Residual Cell. Previous studies opt for concatenating the outputs of all inter-
mediate nodes to form the output of a cell (e.g., [184), 172} 178]). We refer to such a
design as a direct cell. Inspired by the residual connection in ResNet [185], we pro-
pose to also include the input of the cell in forming the output. See Figure|6.3| where
the residual connection cells highlighted with a red line. This allows the network to
learn residual mappings on top of direct mappings. Hereafter, we call this design the
residual cell. We empirically find that residual cells outperform the direct ones (see

§16.4.3).

Candidate Operation Selection. The candidate operations for the feature net and
matching net differ due to their functionalities. In particular, the feature net aims to
extract distinctive local features for comparing pixel-wise similarities. We empiri-
cally observe that removing two commonly used operations in DARTS, namely 1.
dilated separable convolutions and 2. the pooling layers does not hurt the performance.
Thus, the set of candidates operators for the feature net includes Of = { “3 x 3 2D
convolution”, “skip connection”}. Similarly, we find out that removing some of the
commonly used operations from the candidate set for the matching net will not hurt
the design. As such, we only include the following operations for the matching net,
OM = { “3 x 3 x 3 3D convolution”, “skip connection”}. We will shortly see an

ablation study regarding this (see §/6.4.3).
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Figure 6.3: The proposed search space. We illustrate our cell level search space on the left
and our network level search space on the right. The red dash line on the left represents the
proposed residual connection. We set LF = 6 for Feature Net and LM = 12 for Matching Net.

6.3.1.2 Network Level Search Space

We define the network level search space as the arrangement of cells, which con-
trols the variations in the feature dimensionality and information flow between cells.
Drawing inspirations from [172], we aim to find an optimal path within a pre-defined
L-layer trellis as shown in Figure We associated a scalar with each gray arrow
in that trellis. We use p to represent the set of this scalar. Considering the number
of filters in each cell, we follow the common practice of doubling the number when
halving the height and width of the feature tensor.

In the network level search space, we have two hyper-parameters to set: I. the
smallest spatial resolution and II. the number of layers L. Empirically, we observe
that setting the smallest spatial resolution to 1/24 of the input images work across a
broad range of benchmarks and hence our choice in here. Based on this, we propose
a four-level trellis with downsampling rates of {3,2,2,2}, leading to the smallest fea-
ture map to be 1/24 of the input size (see Figure 6.3). In comparison to {2,2,2,2,2},
the downsampling to 1/3 will remove the need of upsampling twice and we empir-
ically observed similar performance. At the beginning of the feature net, we have
a three-layer “stem” structure, the first layer of it is a 3 x 3 convolution layer with
stride of three, followed by two layers of 3 x 3 convolution with stride of one.

Turning our attention to the the number of layers L, we have empirically observed
that choosing LF = 6 for the feature net and LM = 12 for the matching net provides a
good balance between the computational load and performance of the network. This
is interestingly much smaller than some recent developments in hand-crafting deep
stereo matching networks. For example, GA-Net [50] uses 33 convolutional layers
with an hourglass structure to extract features.

Similar to finding the best operation between the nodes, we will use a set of search
parameters B to search over the trellis in order to find a path in it that minimizes the
loss. As shown in Fig each cell in a level of the trellis can receive inputs from the
preceding cell in the same level, one level below and one level above (if any of the
latter two exists).
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6.3.2 Loss Function and Optimization

Since our network can be searched and trained in an end-to-end manner, we directly
apply supervisions on the output disparity maps, allowing the Feature Net and the
Matching Net to be jointly searched. We use the smooth /; loss as our training loss
function as it is considered to be robust to disparity discontinuities and outliers.
Given the ground truth disparity dg, the loss function is defined as:

0.5x2, x| <1,

|x| — 0.5, otherwise. ©63)

L = {(dpreq — dgt), where £(x) = {

After continuous relaxation, we can optimize the weight w of the network and
the architecture parameters «, B through bi-level optimization. We parameterize the
cell structure and the network structure with « and B respectively. To speed up the
search process, we use the first-order approximation [172].

To avoid overfitting, we use two disjoint training sets trainl and trainII for w and
«, B optimization respectively. We do alternating optimization for w and «, B:

e Update network weights w by V. L(w, &, ) on trainl

e Update architecture parameters «, B by V, gL(w, a, ) on trainll

When the optimization convergence, we decode the discrete cell structures by re-
taining the top-2 strongest operations from all non-zero operations for each node, and
the discrete network structures by finding a path with maximum probability [172].

6.4 Experiments

In this section, we adopt SceneFlow dataset [51] as the source dataset to analyze our
architecture search outcome. We then conduct the architecture evaluation on KITTI
2012 [89], KITTI 2015 [90] and Middlebury 2014 [149] benchmarks by inheriting the
searched architecture from SceneFlow dataset. In our ablation study, we analyze the
effect of changing search space as well as different search strategies.

6.4.1 Architecture Search

We conduct full architecture search on SceneFlow dataset [51]. It contains 35,454
training and 4370 testing synthetic images with a typical image dimension of 540 x
960. We use the “finalpass” version as it is more realistic. We randomly select 20,000
image pairs from the training set as our search-training-set, and another 1,000 image
pairs from the training set are used as the search-validation-set following [172].
Implementation: We implement our LEAStereo network in Pytorch. Random
crop with size 192 x 384 is the only data argumentation technique being used in this
work. We search the architecture for a total of 10 epochs: the first three epochs to
initiate the weight w of the super-network and avoid bad local minima outcome;
the rest epochs to update the architecture parameters «, 8. We use SGD optimizer
with momentum 0.9, cosine learning rate that decays from 0.025 to 0.001, and weight
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Figure 6.4: The searched architecture. The top two graphs are the searched cell structures
for the Feature Net and Matching Net. The bottom are the searched network level structures
for both networks. The yellow dots present the pre-defined “stem” layers and the blue dots
denote the searchable cells.

decay 0.0003. The entire architecture search optimization takes about 10 GPU days
on an NVIDIA V100 GPU.

The architecture found by our algorithm is shown in Figure We manually
add 2 skip connections for the Matching Net, one is between node 2 and 5, the other
is 5 and 9. Noting that we only perform the architecture search once on the Scene-
Flow dataset and fine-tuned the searched architecture weights on each benchmark
separately.

6.4.2 Benchmark Evaluation

SceneFlow dataset We evaluate our LEAStereo network on SceneFlow [51]] test set
with 192 disparity level. We use average end point errors (EPE) and bad pixel ratio
with 1 pixel threshold (bad 1.0) as our benchmark metrics. In Table we can ob-
serve that LEAStereo achieves the best performance using only near one third of pa-
rameters in comparison to the SOTA hand-crafted methods (e.g., [50]). Furthermore,
the previous SOTA NAS-based method AutoDispNet [178] has 20 x more parameters
than our architecture. We show some of the qualitative results in Figure

Table 6.1: Quantitative results on Scene Flow dataset. Our method achieves state-of-the-art
performance with only a fraction of parameters. The parentheses indicate the test set is used
for hyperparameters tuning.

Methods Params [M] EPE [px] bad1.0[%] Runtime [s]
GCNet [56] 3.5 1.84 15.6 0.9
iResNet[52] 43.34 2.45 9.28 0.2
PSMNet [157] 5.22 1.09 12.1 0.4
GANet-deep [50] 6.58 0.78 8.7 1.9
AANet [179] 3.9 0.87 9.3 0.07
AutoDispNet [178] 37 (1.51) - 0.34

LEAStereo 1.81 0.78 7.82 0.3
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KITTI benchmarks As shown in Table and the leader board, our LEAStereo
achieves top 1 rank among other human designed architectures on KITTI 2012 and
KITTI 2015 benchmarks. Figure |6.5 provides some visualizations from the testsets.
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Figure 6.5: Qualitative results on KITTI 2012 and KITTI 2015 benchmarks.

Table 6.2: Quantitative results on the KITTI 2012 and 2015 benchmark. Bold indicates the
best.

KITTI 2012 KITTI 2015

Methods bad 2.0 bad 3.0 Refl 3.0 Avg All FG Avg All FG Avg All

noc [%] noc [%] noc [%] [px]  Non Occ[%] All Areas[%]
GCNet 2.71 1.77 10.80 07 558 261 616 287
PSMNet [157] 2.44 1.49 8.36 06 431 214 462 232
GANet-deep [50] 1.89 1.19 6.22 05 339 184 391 203
DispNetC 7.38 4.11 16.04 1.0 372 4.05 441 434
AANet 2.90 1.91 10.51 06 180 232 199 255
AutoDispNet-CSS 2.54 1.70 5.69 05 298 200 337 218
LEAStereo 1.90 1.13 5.35 0.5 265 151 291 1.65

Middlebury 2014 Middlebury 2014 is often considered to be the most challeng-
ing dataset for deep stereo networks due to restricted number of training samples
and also the high resolution imagery with many thin objects. The full resolution of
Middlebury is up to 3000 x 2000 with 800 disparity levels which is prohibitive for
most deep stereo methods. This has forced several SOTA [157, [152] to operate on
quarter-resolution images where details can be lost. In contrast, the compactness of
our searched architecture compactness allows us to use images of size 1500 x 1000
with 432 disparity levels. In Table we report the latest benchmark of volumetric
based stereo matching method [157] and direct regression approaches [52, [179] for
comparisons. Our proposed LEAStereo achieves the state-of-the-art rank on vari-
ous metrics (e.g., bad 4.0, all) among more than 120 stereo methods from the leader
board. We also note that our network has better performance on large error thresh-
olds, which might because of the downsampling operations prohibit the network
to learn sub-pixel accuracy or the loss function that does not encourage sub-pixel
accuracy.


http://www.cvlibs.net/datasets/kitti/eval_scene_flow.php?benchmark=stereo
http://vision.middlebury.edu/stereo/eval3/
http://vision.middlebury.edu/stereo/eval3/
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Table 6.3: Quantitative results on the Middlebury 2014 Benchmark. Bold indicates the
best. The red number on the top right of each number indicates the actual ranking on the
benchmark.

Methods bad 2.0 [%] bad 4.0 [%] Ave Err [px] RMSE [px] A95 [px]
nonocc all nonocc all nonocc all nonocc all nonocc all

PSMNet [157] 42.1'98 47.2104 23597 29294 6.68%° 8.78* 19.4°0 23.3%2 31.3%° 43.4%2
iResNet [52] 22.9%2 29501 12,6 185% 3313 4.677 11.3%5 13.9° 12.5% 20.77
AANet+ [179] 15.4* 22.0%0 10.8%° 16.4*2 6.37°¢ 9.77% 23573 29.4%> 48.8% 76.1%3
HSM [151] 10.2%° 16.5" 4.83'7 9.68°% 2.072 3.44% 10.3* 13.4° 4.32° 17.6*

LEAStereo  7.150 12.1° 275! 633! 1.43!1 289! 811' 13.7° 2.65' 6.35!

Left image HSM [151] HSM [151] bad 4.0  LEAStereo  LEAStereo bad 4.0

Figure 6.6: Qualitative results on Middlebury 2014 Benchmark.

6.4.3 Ablation Study

In this part, we perform ablation studies using the SceneFlow dataset [51] to jus-
tify “hyper-parameters” of our algorithm. In particular, we look into the candidate
operations O, differences between the residual and the direct cells, joint-search vs.
separate-search of the Feature Net and the Matching Net, and functionality analysis
for each sub-net. We also provide a head-to-head comparison to AutoDispNet [178].

Table 6.4: Ablation Studies of different searching strategies. The input resolution is 576 x
960, and EPE is measured on total SceneFlow test set.

Architecture Variant Achieved Network
Olarge OQours  Sepa.  Join.  Direct Residual Params  FLOPS EPE
v Vv Vv 0.68M 682.8G  1.55px
vV vV Vv 2.00M 7824G  0.86px
vV V4 vV 1.52M 538.9G  0.91px
vV Vv V 1.81M 7822G  0.78px

Candidate Operations Here we evaluate two sets of candidate operations O},
and Ooyrs. The Ojgq, consists of 8 operations including various types of convolution
filters, pooling and connection mechanisms that are commonly used in
178]°. The Oyurs as described in § only contains 3 x 3 convolution, skip con-
nection and zero connection. For the Matching Net, we simply use the 3D variants of

SNamely, Olarge contains 3 x 3 and 5 x 5 depth-wise separable convolutions, 3 x 3 and 3 x 3 dilated
separable convolutions with dilation factor 2, skip connection, 3 x 3 average pooling, 3 x 3 max pooling
and zero connection.
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Feature Net result Full Network result

Left image

Figure 6.7: Functionality analysis for the Feature Net and the Matching Net. By using the
learned features from the Feature Net directly, we already achieve reasonably good results as
shown in the third sub-figure. After applying the Matching Net, we could further improve
the results significantly as evidenced by the gap between the third and fourth sub-figures.

these operations. As shown in the first two rows of Table larger set of operations
pool Oy leads to a searched architecture with a much lower number of parameters
but poor EPE performance when compared to O,;s. The reason is that the algorithm
favors skip connections in its design, leading to a low-capacity architecture. Similar
observations, albeit in another context, are reported in .

Joint-search vs. Separate-search To analyze the effectiveness and efficiency of
joint-search vs. separate-search, we report their performances on SceneFlow dataset
with O and connection type fixed. From the metrics of row 2 and 4 in Table
we observe that joint-search outperforms separate-search by an improved margin of
9.30% for EPE and 10.50% reduction on the number of parameters. We conjecture
that the joint-search increases the capacity and compatibility for both Feature Net
and Matching Net.

Residual cell vs. Direct cell We then study the differences between our proposed
residual cell and direct cell. As shown in the last two rows of Table[6.4, using residual
cell slightly generates more parameters and FLOPs but increase the performance by
14.29%.

Functionality analysis for each sub-net The Feature Net and the Matching Net
own different roles in stereo matching. The Feature Net is designed to extract distinc-
tive features from stereo pairs while the Matching Net is to compute matching costs
from these features. To analyze and reflect the actual behaviour of each searched
sub-net, we use the features from the Feature Net to directly compute a cost volume
with dot products [47] and project it to a disparity map with the Winner-Takes-All
(WTA) strategy. As shown in Figure 6.7} this strategy already achieves a reasonably
good result in correctly estimating disparity for most objects, which demonstrates
that our Feature Net is learning discriminative features for stereo matching. The
difference between the third and fourth sub-figures (before and after the Matching
Net) proves the contribution of the Matching Net in computing and aggregating the
matching costs to achieve much better results.

6.4.4 Discussion

LEAStereo vs. AutoDispNet AutoDispNet [178] has a very different network de-
sign philosophy than ours. It is a large U-Net-like architecture and tries to directly
regress disparity maps from input images in pixel space. In contrast, our design
benefits from task-specific physics and inductive bias, i.e., the gold standard pipeline
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for deep stereo matching and the refine search space, thus achieves full architec-
ture search within current physical constraints. Table provides a head-to-head
comparison on KITTI Benchmark. It is worth noting that our method is 32.12% bet-
ter than AutoDispNet-CSS [178] with only 1.81M parameters (which is 1.7% of the
parameters required by AutoDispNet-CSS!)

Table 6.5: LEAStereo vs. AutoDispNet

Methods Search Level Params KITTI2012 KITTI2015 Runtime
AutoDispNet-CSS Cell 111M 1.70% 2.18% 09s
LEAStereo Full Network 1.8M 1.13% 1.65% 03s

Hints from the found architecture There are several hints from the found ar-
chitecture: 1. The feature net does not need to be too deep to achieve a good per-
formance; 2. Larger feature volumes lead to better performance (1/3 is better than
1/6); 3. A cost volume of 1/6 resolution seems proper for good performance; 4.
Multi-scale fusion seems important for computing matching costs (i.e., using a DAG
to fuse multi-scale information). Note that the fourth hint has also been exploited by
AANet [179] which builds multiple multi-scale cost volumes and regularizes them
with a multi-scale fusion scheme. Our design is tailored for the task of stereo match-
ing and may not be considered as a domain agnostic solution for a different problem.
For different domains, better task-dependent NAS mechanisms are still a suitable so-
lution to efficiently incorporate inductive bias and physics of the problem into the
search space.

6.5 Conclusion

In this chapter, we proposed the first end-to-end hierarchical NAS framework for
deep stereo matching, which incorporates task-specific human knowledge into the
architecture search framework. Our search framework tailors the search space and
follows the feature net-feature volume-matching net pipeline, whereas we could op-
timize the architecture of the entire pipeline jointly. Our searched network outper-
forms all state-of-the-art deep stereo matching architectures (handcrafted and NAS
searched) and is ranked at the top 1 accuracy on KITTI stereo 2012, 2015 and Middle-
bury benchmarks while showing substantial improvement on the network size and
inference speed. In the future, we plan to extend our search framework to other dense
matching tasks such as optical flow estimation [147] and multi-view stereo [187].
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Chapter 7

Noise-Aware Unsupervised Deep
Lidar-Stereo Fusion

In this charpter, we present LidarStereoNet, the first unsupervised Lidar-stereo fu-
sion network, which can be trained in an end-to-end manner without the need of
ground truth depth maps. By introducing a novel “Feedback Loop” to connect the
network input with output, LidarStereoNet could tackle both noisy Lidar points and
misalignment between sensors that have been ignored in existing Lidar-stereo fusion
work. Besides, we propose to incorporate the piecewise planar model into the net-
work learning to further constrain depths to conform to the underlying 3D geometry.
Extensive quantitative and qualitative evaluations on both real and synthetic datasets
demonstrate the superiority of our method, which outperforms state-of-the-art stereo
matching, depth completion and Lidar-Stereo fusion approaches significantly L

7.1 Introduction

Perceiving the surrounding 3D information from passive and active sensors accu-
rately is crucial for numerous applications such as localization and mapping [188],
autonomous driving [189]], obstacle detection and avoidance [190], and 3D recon-
struction [191] 45]. However, each kind of sensors alone suffers from its inherent
drawbacks. Stereo cameras are well-known for suffering from computational com-
plexities and their incompetence in dealing with textureless/repetitive areas and oc-
clusion regions [192], while Lidar sensors can often provide accurate but relatively
sparse depth measurements [193].

Therefore, it is highly desired to fuse measurements from Lidar and stereo cam-
eras to achieve high-precision depth perception by exploiting their complementary
properties. However, it is a non-trivial task as accurate Stereo-Lidar fusion requires a
proper registration between Lidar and stereo images. Existing methods are not fully
satisfactory due to the following drawbacks:

e Existing deep neural network based Lidar-Stereo fusion work [194) 195, 196]
strongly depend on the availability of large-scale ground truth depth maps,

I This work was originally published in [3]

91
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Lidar GT

S2D [124] Ours SINet

Figure 7.1: Results on KITTI 2015. We highlight the displacement error of Lidar points
with bounding boxes. Lidar points are dilated for better visualization and we overlay our
disparity maps to the colour images for illustration. Note the Lidar points for the foreground
car and utility pole have been aligned to the background. Our method successfully recovers
accurate disparities on tiny and moving objects while the other methods are misled by drifted
and noisy Lidar points.

thus their performance are fundamentally limited by the generalization ability
to real-world applications.

e Due to the rolling-shutter effect of Lidar and other calibration imperfections, a
direct registration will introduce obvious alignment errors between Lidar depth
and stereo depth. Furthermore, existing methods tend to assume the Lidar
measurements are noise-free [124, 35]. However, as illustrated in Fig. the
misalignment and noisy Lidar measurements cause significant defects in stereo-
Lidar fusion.

In this chapter, we tackle the above challenges and propose a novel framework “Li-
darStereoNet” for accurate Stereo-Lidar fusion, which can be trained in an end-to-
end unsupervised learning manner. Our framework is noise-aware in the sense that
it explicitly handles misalignment and noise in Lidar measurements.

Firstly, we propose to exploit the photometric consistency between stereo images,
and the depth consistency between stereo cameras and Lidar to build an unsuper-
vised training loss, thus removing the need of ground truth depth/disparity maps.
The benefit of our novel network design is twofold: 1) this enables a strong general-
ization ability of our framework in various real-world applications; 2) our network
design allows the sparsity of input Lidar points to be varied, and could even handle
an extreme case when the Lidar sensor is completely unavailable.

Secondly, to alleviate noisy Lidar measurements and slight misalignment between
stereo and Lidar, we present a novel training strategy that gradually remove these
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noisy points during the training process automatically. Furthermore, we have also
presented a novel structural loss (plane fitting loss) to handle the inaccurate Lidar
measurements and stereo matching.

Under our problem setting, we make no assumption on the inputs such as the
pattern/number of Lidar measurements, the probability distribution of Lidar points
or stereo disparities. The end-to-end unsupervised learning nature enables good
generalization ability of our network.

Experimental results on different datasets demonstrate that our method is able
to recover highly accurate depth maps through Lidar-Stereo fusion that outperforms
existing stereo matching methods, depth completion methods and Lidar stereo fusion
methods with a large margin (at least twice better than previous ones). To the best of
our knowledge, there is no deep learning based method available yet that can achieve
this goal under our problem setting.

7.2 Related Work

Stereo Matching. Deep convolutional neural networks (CNNs) based stereo match-
ing methods have recently achieved great success. Existing supervised deep methods
either formulate the task as depth regression [51] or multi-label class classifications
[47]. Recently, unsupervised deep stereo matching methods have also been intro-
duced to remove the requirement of large amount of labeled training data. Godard
et al. [109] proposed to exploit the photometric consistency loss between left image
and the warped version of right image, thus achieving unsupervised stereo match-
ing. Zhong et al. [15] presented a stereo matching network for estimating depths
from continuous video input. Very recently, Zhang et al. [197] extended the self-
supervised stereo network [14] from passive stereo cameras to active stereo scenar-
ios. Even though stereo matching has been greatly advanced, it still suffers from
challenging scenarios such as texture-less and low-lighting conditions.

Depth Completion/ Interpolation. Lidar scanners can provide accurate but sparse
and incomplete 3D measurements. Therefore, there is a highly desired requirement
in increasing the density of Lidar scans, which is crucial for applications such as self-
driving cars. Uhrig et al. [35] proposed a masked sparse convolution layer to handle
sparse and irregular Lidar inputs. Chodosh et al. [198] utilized compressed sensing
to approach the sparsity problem for scene depth completion. With the guidance
of corresponding colour images, Ma et al. [124] extended the up-projection blocks
proposed by [125] as decoding layers to achieve full depth reconstruction. Jaritz et
al. [39] presented a method to handle sparse inputs of various densities without any
additional mask input.

Lidar-Stereo Fusion. Existing works maily focus on fusing stereo and time-of-flight
(TOF) cameras for indoor scenarios [199, 200, 201,202, 203], whereas Lidar and stereo
cameras fusion for outdoor scenes has been seldom approached in the literature.
Badino et al. [194] used Lidar measurements to reduce the searching space for stereo
matching and provided predefined paths for dynamic programming. Later on, Mad-
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dern et al. [195] proposed a probabilistic model to fuse Lidar and disparities by
combining prior from each sensor. However, their performance drops significantly
when the Lidar information is missing. To tackle this issue, instead of using a man-
ually selected probabilistic model, Park et al. [196] utilized CNNs to learn such a
model, which takes two disparities as input: one from the interpolated Lidar and the
other from semi-global matching [7]. Compared with those supervised approaches,
our unsupervised method can be trained in an end-to-end manner using stereo pairs
and sparse Lidar points without using external stereo matching algorithms.

7.3 Lidar-Stereo Fusion

In this section, we formulate Lidar-stereo fusion as an unsupervised learning prob-
lem and present our main ideas in dealing with the inherent challenges faced by
existing methods.

7.3.1 Problem Statement

Lidar-stereo fusion aims at recovering a dense and accurate depth/disparity map
from sparse Lidar measurements S € R"*3 and a pair of stereo images I;, [,. We
assume the Lidar and the stereo camera have been calibrated with extrinsic matrix T
and the stereo camera itself is calibrated with intrinsic matrices K;, K, and projection
matrices P;, P,. We can then project sparse Lidar points S onto the image plane of
I; by di = P/TS. Since disparity is used in the stereo matching task, we convert the
projected depth points d; to disparity Dj using D = Bf/d, where B is the baseline
between the stereo camera pair and f is the focal length. The same process is applied
to the right images as well. Mathematically this problem can be defined as:

(D, D)) = F(I,, I, D}, Ds; 6), 7.1)

where F is the learned Lidar-stereo fusion model (a deep network in our paper)
parameterized by 0.

Under our problem setup, we do not make any assumption about the Lidar
points” configuration (e.g., the number or the pattern) or error distributions of Li-
dar points and stereo disparities. Removing all these restrictions makes our method
more generic, hence having wider applicability.

7.3.2 Dealing with Noise

In Lidar-stereo fusion, existing methods usually assume the Lidar points are noise
free and the alignment between the Lidar and stereo images are perfect. We would
like to argue that even for dedicated system such as the KITTI dataset, the Lidar
points are never perfect and the alignment could also be inaccurate, cf. Fig. It
is known that the ability of deep CNNs to overfit or memorize the corrupted labels
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Figure 7.2: The feedback loop. For each iteration, the input stereo pair first computes
initial disparities to filter errors in sparse Lidar points. At this stage, no backprob is
taken place. So we call it the Verify phase. Then in the Update phase, the Core Archi-
tecture takes stereo pairs and cleaned sparse Lidar points as inputs to generate the
final disparities. The parameters of the Core Architecture will be updated through
backprob this time.

can lead to very poor generalization performance. Therefore, we aim to deal with
the noise in Lidar measurements properly to train deep CNNs.

Robust functions such the ¢; norm, Huber function or the truncated ¢, norm are
natural choices in dealing with noisy measurements. However, these functions will
not eliminate the effects caused by noises but only suppress them. Further, these
errors also exist in the input, so letting the network automatically ignore these error
points creates an extra difficulty. To this end, we introduce a feedback loop in our
network design to allow the input also to depend on the output of the network. In
this way, the input Lidar points can be cleaned before feeding into the network.

The Feedback Loop We propose a novel framework to gradually detect and re-
move erroneous Lidar points during the training process and generate a highly accu-
rate Lidar-Stereo fusion. Figure |7.2]illustrates an unfolded structure of our network
design, namely the feedback loop, which consists of two phases: “Verify” phase and
“Update” phase. Each phase shares the same network structure of Core Architecture,
details of which will be explained in Section

In the Verify phase, the network takes stereo image pairs (I, I;) and noisy Lidar
disparities (D;j, D;) as input, and generates two disparity maps (D7, Dy). No back-
propagation takes place in this phrase. We then compare (D7, D}) and (D;, D;) and
keep the remaining sparse Lidar points (D;¢, D;¢) that are consistent in both stereo
matching and Lidar measurements. In the Update phase, the network takes both
stereo pairs (I, I;) and cleaned sparse Lidar points (D;, D;°) as the inputs to recover

dense disparity maps (Df ,Df ). All loss functions are evaluated on the final disparity
outputs (Df , D{ ) only. Once the network has been trained, there will be no need for
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Figure 7.3: Core Architecture of our LidarStereoNet. It consists of a feature extrac-
tion and fusion block, a stack-hourglass type feature matching block and a disparity
computing layer. Given a stereo pair I;, I, and corresponding projected Lidar points
Dj, Dy, the feature extraction block produces feature maps separately for images and
Lidar points. The feature maps are then concatenated to form final input features
which are aggregated to form a feature volume. The feature matching block learns
the cost of feature-volume. Then we use the disparity computing layer to obtain dis-
parity estimation. Details of the feature extraction and fusion block is illustrated on
the right.

the feedback loop. Therefore, we can use the Core Architecture only in testing to
reduce the processing time.

7.4 Our Network Design

In this section, we present our new “LidarStereoNet” for Lidar-Stereo fusion, which
can be learned in an unsupervised end-to-end manner. To avoid the need of large-
scale training data with ground truth, we propose to exploit the photometric consis-
tency between stereo images, and the depth consistency between stereo cameras and
Lidar. This novel network design enables the following benefits: 1) A wide gener-
alization ability of our framework in various real-world scenarios; 2) Our network
design allows the sparsity of input Lidar points to be varied, and could even han-
dle the extreme case when the Lidar sensor is completely unavailable. Furthermore,
to alleviate the noise in Lidar measurements and the misalignment between Lidar
and stereo cameras, we introduce the “Feedback Loop” into the network design to
connect the output to the input, which enables the Lidar points being cleaned before
feeding into the network.

7.4.1 Core Architecture

We illustrate the detailed structure of the Core architecture of our LidarStereoNet in
Fig. LidarStereoNet consists of the following blocks: 1) Feature extraction and
fusion; 2) Feature matching and 3) Disparity computing. The general information
flow of our network is similar to [15] but has some crucial modifications in the feature
extraction and fusion block. In view of different characteristics between dense colour
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images and sparse disparity maps, we leverage different convolution layers to extract
features from each of them. For colour images, we use the same feature extraction
block from [157] while for sparse Lidar inputs, sparse invariant convolution layer
[35] is used to extract features. The final feature maps are produced by concatenating
stereo image features and Lidar features. Feature maps from left and right branches
are concatenated to form a 4D feature volume with a maximum disparity range
of 192. Then feature matching is processed through a hourglass structure of 3D
convolutions to compute matching cost at each disparity level. Similar to [56], we
use the soft-argmin operation to produce a 2D disparity map from the cost volume.
Dealing with dense and sparse inputs. To extract features from sparse Lidar points,
Uhrig et al. [35] proposed a sparsity invariant CNN after observing the failure of
conventional convolutions. However, Ma et al. [124] and Jaritz et al. [39] argued that
using a standard CNN with special training strategies can achieve better performance
and can also handle varying input densities. We compared both approaches and re-
alized that standard CNNs can handle sparse inputs and even get better performance
but they request much deeper network (ResNet38 encoded VS 5 Convolutional lay-
ers) with 500 times more trainable parameters (13675.25K VS 25.87K). Using such a
“deep” network as a feature extractor will make our network not feasible for end-
to-end training and hard to converge. Therefore, in our network, we choose sparsity
invariant convolutional layers to assemble our Lidar feature extractor. It consists of
5 sparse convolutional layers with a stride of 1. Each convolution has an output
channel of 16 and is followed by a ReLU activation function. We attached a plain
convolution with a stride of 4 to generate the final 16 channels Lidar features in
order to make sure the Lidar features compatible with the image features.

7.4.2 Loss Function

Our loss function consists of two data terms and two regularization terms. For data
terms, we directly choose the image warping error £, as a dense supervision for
every pixel and discrepancy on filtered sparse Lidar points £;. For the regularization
terms, we use colour weighted smoothness term £, and our novel slanted plane
fitting loss L£,,. Our overall loss function is a weighted sum of the above loss terms:

L =L+ mLy+ p2Lls+ usly, (7.2)

where y; =1, up = 0.001, u3 = 0.01.

7.4.2.1 Image Warping Loss

We assume photometric consistency between stereo pairs such that corresponding
points between each pair should have similar appearance. However, in some cases,
this assumption does not hold, so we also compare the difference between small
patches” Census transform as it is robust for photometric changes. Our image warp-
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ing loss is thus defined as follow:

where L; stands for photometric loss, L. represents Census loss and L, is the image
gradient loss. We set A1 = 0.1, A, = 1 for the balance of each term.

The photometric loss is defined as the difference between the observed left (right)
image and the warped left (right) image, where we have weighted each term with
the observed pixels to account for the occlusion.

z—[pr (i,7) = 1(i,}))

where ¢(s) = v/s2 4 0.001? and the occlusion mask O is computed through left-right
consistency check.

To further improve the robustness in evaluating the image warping error, we used
the Census transformation to measure the difference:

te=|Ee
)

Lastly, we have also used the difference between image gradients as an error
metric:

/ZO i,j), (7.4)

)| /L0 ))- (7.5)
i

Ly = qu)(W(ir}) VI(i,j))
L]

/Zo i,7). (7.6)

7.4.2.2 Lidar Loss

The cleaned sparse Lidar points after our feedback verification can also be used as a
sparse supervision for generating disparities. We leverage the truncated ¢, function
to handle noises and errors in these sparse Lidar measurements,

L; = ||M(D — D%)|l«, (7.7)

where M is the mask computed in the Verify phase. The truncated ¢; is defined as:

[ 05x%,  |x|<T
-1l = { 0.57%, otherwise. (7.8)
7.4.2.3 Smoothness Loss
The smoothness term in the loss function is defined as:
L=y (e—MW” 1Vd| + e[V \vzd\) /N, (7.9)

where &1 = 0.5 and ap = 0.5. Note that previous works [109] [14] often neglect
the weights ay, ap, which actually play a crucial role in colour weighted smoothness
term.
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7.4.2.4 Plane Fitting Loss

We also introduce a slanted plane model into deep learning framework to enforce
structural constraint. This model has been commonly used in conventional Condi-
tional Random Field (CRF) based stereo matching/optical flow algorithms. It as-
sumes that all pixels within a superpixel lie on a 3D plane.

By leveraging this piecewise plane fitting loss, we could enforce strong regular-
ization on 3D structure. Although our slanted plane model is defined on disparity
space, it has been proved that a plane in disparity space is still a plane in 3D space
[204]. Mathematically, the disparity d, of each pixel p is parameterized by a local
plane,

dp = apu +byo+cp, (7.10)

where (u,v) is the image coordinate, the triplet (a,, by, c;) denotes the parameters of
a local disparity plane.

Define P as the matrix representation of pixel’s homogeneous coordinates within
a superpixel with a size of N x 3 where N is number of pixels within a segment,
and denote a as the planar parameters. Given the current disparity predictions d,
we can estimate the plane parameter in closed-form via a* = (PTP)~1PTd. With the
estimated plane parameter, the fitted planer disparities d € RN can be computed as
d = Pa* = P(PTP)1PTd.

Our plane fitting loss then can be defined as

Ly =|d—d|| = |[[I - P(PTP)"'PT]d]|. (7.11)

7.5 Experiments

We implemented our LidarStereoNet in Pytorch. All input images were randomly
cropped to 256 x 512 during training phases while we used their original size in
inference. The typical processing time of our net was about 0.5 fps on Titan XP. We
used the Adam optimizer with a constant learning rate of 0.001 and a batch size of 1.
We performed a series of experiments to evaluate our LidarStereoNet (LSN) on both
real-world and synthetic datasets. In addition to analyzing the accuracy of depth
predictions in comparison to previous work, we also conducted a series of ablation
studies on different sensor fusing architectures and investigate how each component
of the proposed loss contribute to the performance.

7.5.1 KITTI Dataset

The KITTI dataset [89] is created to set a benchmark for autonomous driving visual
systems. It captures depth information from a Velodyne HDL-64E Lidar and corre-
sponding stereo images from a moving platform. They use a highly accurate inertial
measurement unit to accumulate 20 frames of raw Lidar depth data in a reference
frame and serves as ground truth for the stereo matching benchmark. In KITTI 2015
[205], they also take moving objects into consideration. The dynamic objects are first
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Table 7.1: Quantitative results on the selected KITTI 141 subset. We compare
our LidarStereoNet with various state-of-the-art Lidar-Stereo fusion methods, where
our proposed method outperforms all the competing methods with a wide margin.
PSMnet-ft is fine-tuned on KITTI VO dataset. Note that, even without Lidar mea-
surements available, our result still outperforms these methods.

Methods Input Supervised AbsRel >2px >3px >5px § <125 Density
MC-CNN [47] Stereo Yes 0.0798 0.1070 0.0809 0.0555 0.9472 100.00%
PSMnet-ft [157] Stereo Yes 0.0609 0.0635 0.0410 0.0277 0.9689 100.00%
SPS-ST [131] Stereo No 0.0633 0.0702 0.0413 0.0265 0.9660 100.00%
SsSMnet [14] Stereo No 0.0619 0.0743 0.0498 0.0334 0.9633 100.00%
Input Lidar Lidar - - 0.0572 0.0457 0.0375 - 7.27%

S2D [124] Lidar Yes 0.0665 0.0849 0.0659 0.0430 0.9626 100.00%
SINet [35] Lidar Yes 0.0659 0.0908 0.0660 0.0456 0.9576 100.00%
Prob fusion [195] Stereo + Lidar No - - 0.0591 - - 99.6%

CNN Fusion [196] Stereo + Lidar Yes - - 0.0484 - - 99.8%

Our method Stereo No 0.0572 0.0540 0.0345 0.0220 0.9731 100.00%
Our method Stereo + Lidar No 0.0350 0.0287 0.0198 0.0126 0.9872 100.00%

removed and then re-inserted by fitting CAD models to the point clouds, resulting
in a clean and dense ground truth for depth evaluation.

Dataset Preparation. After these processes, the raw Lidar points and the ground
truth differ extremely in terms of outliers and density as shown in Fig. In raw
data, due to the large displacement between the Lidar and the stereo cameras [204],
boundaries of objects may not perfectly align when projecting Lidar points onto im-
age planes. Also, since Lidar system scans depth in a line by line order, it will create
a “rolling shutter” effect on the reference image, especially on a moving platform.
Instead of heuristically removing measurements, our method is able to omit these
outliers automatically which is evidently shown in Fig.

We use the KITTI VO dataset [89] as our training set. We sorted all 22 KITTI
VO sequences and found 7 frames from sequence 17 and 20 that have corresponding
frames in KITTI 2015 training set. Therefore we excluded these two sequences and
used the remaining 20 stereo sequences as our training dataset. Our training dataset
contains 42104 images with a typical image size of 1241 x 376. To achieve sparse
disparities as inputs, we project raw Lidar points onto left and right images using
provided extrinsic and intrinsic parameters and convert the raw Lidar depths to
disparities. Maddern et al. [195] also traced 141 frames from KITTI raw dataset
that have corresponding frames in the KITTI 2015 dataset and reported their results
on this subset. To fulfil the consistency of evaluation, we used the same subset to
evaluate our performance and utilize the 6 frames from KITTI VO dataset as our
validation set (there is 1 frame that overlaps the KITTI 141 subset, so we excluded it
from our validation).

Comparisons with State-of-the-Art. There are two sub-tasks that involved in our
problem setting. One is stereo matching and the other one is depth completion.
Here, we compare our approach with state-of-the-art methods in each sub-task.
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(a) Input image (b) Input lidar disparity (c) Ground truth

(d) S2D (e) SINet (f) SPS-ST
(g) SsSSMNet [14] (h) MC-CNN [47] (i) PSMnet [157]
(j) Probabilistic fusion [195] (k) CNN fusion [196] (1) Ours

Figure 7.4: Qualitative results of the methods from Table Our method is trained
on KITTI VO dataset and tested on the selected unseen KITTI 141 subset without any
finetuning.

For stereo matching, we use SPS-ST [131]], MC-CNN [47], PSMnet [157] and SsSM-
net [14]. For depth completion, we compare with S2D [124] and SINet [35]. Only the
SPS-ST method is a traditional (non-deep) method, and its meta-parameters were
tuned on KITTI dataset. For deep MC-CNN we used a model which was firstly
trained on Middlebury dataset and for PSMnet we used the model that was trained
on SceneFlow [51] dataset for the sake of fair comparison. We also compared our
method with state-of-the-art self-supervised stereo matching network SsSMnet [14].
In our implementation of 52D and SINet, we trained them on KITTI depth com-
pletion dataset [35]. From 151 training sequences, we excluded 28 sequences that
overlaps with KITTI 141 dataset and used the remaining 123 sequences to train these
networks from scratch in a supervised manner. As a reference, we also computed the
input Lidar’s error rate. It is worth noting that our method increases the disparity
density from less than 7.3% to 100% while reducing the error rate by a half.

We also compared our method with two existing Lidar-stereo fusion methods:
Probabilistic fusion [195] and CNN fusion and outperform them with a large
margin.

Quantitative comparison between our method and the competing state-of-the-
art methods is reported in Table from which one can clearly see that our self-
supervised LidarStereoNet achieves the best performance throughout all the metrics
evaluated. Note that, our method even outperforms recent supervised CNN based
fusion method with a large margin. More qualitative evaluations of our method
in challenging scenes are provided in Fig. These results demonstrate the supe-
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Figure 7.5: Test results of our network on the selected KITTI 141 subset with
varying levels of input Lidar points sparsity. Left column: lower is better; right
column: higher is better.

riority of our method that can effectively leverage the complementary information
between Lidar and stereo cameras.

On Input Sparsity. Thanks to the nature of deep network and sparsity invariant
convolution, our LidarStereoNet can handle Lidar input of varying density, ranging
from no Lidar input to 64 lines input. To see this trend, we downsampled the vertical
and horizontal resolution of the Lidar points. As shown in Fig. our method
performs equally well when using 8 or more lines of Lidar points. Note that even
when we are using zero Lidar points as input (in this case, the problem become a
pure stereo matching problem), we still outperform SOTA stereo matching methods.

Table 7.2: Ablation study on the feedback loop Type 1 and Type 2 show the perfor-
mance only use the Core Architecture without and with removing error lidar points
from the input, while Full model means our proposed feedback loop.

Methods Abs Rel > 2 px > 3 px > 5 px
Type 1 0.0539 0.0411 0.0310 0.0229
Type 2 0.0468 0.0401 0.0302 0.0226

Full model 0.0350 0.0287 0.0198 0.0126

7.5.2 Ablation Study

In this section, we perform ablation studies to evaluate the importance of the feed-
back loop and proposed losses in our LidarStereoNet. Notably, all ablation studies
on losses and fusion strategies are evaluated on Core Architecture only in order to
reduce the randomness introduced by our feedback loop module.

Importance of the feedback loop. We evaluate the importance of our proposed feed-
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Figure 7.6: Gradually cleaned input Lidar points. From top to bottom, left column:
left image, cleaned Lidar points at the 2" epoch, cleaned Lidar points at the 5
epoch; Right column: raw Lidar points, error points find at the 2"? epoch, error
points find at the 5" epoch. Note that the error measurements on the right car has
been gradually removed.

back loop in two aspects. One is by removing this module and only keep the Core
Architecture, we call it Type 1. The other is also use the Core Architecture remove
these inconsistent points in computing losses, we use Type 2 to represent. Note that
for both types, we use raw lidar points as input.

As shown in Table adding the feedback loop significantly reduces the error

rate from 3.01% to 1.99%. And it also shows that only removing error points from
the loss computation part is not enough. These errors need to be excluded from the
input as well.
Comparing different loss functions. Unlike CRF based methods, we do not require
a recovered disparity map to be strictly constructed by a set of slanted planes. In-
stead, we use it as a soft constraint that can be balanced by other constraints such as
smoothness term and warping term.

Table [7.3| shows the performance-gain with different losses. As we can see, when
only using Lidar points as supervision, its performance is affected by these outliers
in Lidar measurements. Adding a warping loss can reduce the error rate from 4.71%
to 3.02%.

Comparing different fusion strategies. Considering the problem of utilizing sparse
depth information, one naive approach will be directly using Lidar measurements for
supervisions. As shown in Table its performance is affected by the misaligned
Lidar points and it has a relatively high error rate of 4.10%. The second method to
leverage the depth as a fourth channel additionally to the RGB image. We call it an
early fusion strategy. As shown in Table it has the worst performance among the
baselines. This may be due to the incompatible characteristics between RGB images
and depth maps such that the network is unable to handle well within a common
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Table 7.3: Evaluation of different loss functions. Ly, Ls, £; and L, represent
warping loss, smoothness loss, Lidar loss and plane fitting loss separately.

Loss Abs Rel > 2 px > 3 px > 5 px
L 0.0555 0.0733 0.0471 0.0296
Ly + Ls 0.0628 0.0940 0.0637 0.0405
Lo+ Ls+ L 0.0565 0.0401 0.0302 0.0226
Lo+ Ls+ L1+ Ly 0.0468 0.0393 0.0276 0.0201

Table 7.4: Comparison of different fusion strategies.

Methods Abs Rel > 2 px > 3 px > 5 px
Naive approach 0.0555 0.0733 0.0471 0.0296
Early fusion 0.0644 0.0667 0.0526 0.0398
Our method 0.0468 0.0393 0.0276 0.0201

convolution layer.

7.5.3 Generalizing to Other Datasets

To illustrate that our method can generalize to other datasets, we compare our
method to several methods on the Synthia dataset [146]. Synthia contains 5 sequences
under different scenarios. And for each scenario, they capture images under differ-
ent lighting and weather conditions such as Spring, Winter, Soft-rain, Fog and Night.
We show quantitative results of experiments in Table. [7.5|and qualitative results are
provided in the supplementary materials.

For sparse disparity inputs, we randomly selected 10% of full image resolution.
As discussed before, projected Lidar points have misalignment with stereo images in
KITTI dataset. To simulate the similar interference, we add various density levels of
Gaussian noise to sparse disparity maps. As shown in our proposed LidarStere-
oNet adapts well to the noisy input disparity maps, while S2D [124] fail completely
to recover disparity information.

Table 7.5: Quantitative results on the Synthia dataset.

Methods Abs Rel > 2 px > 3 px > 5 px
SPS-ST [131] 0.0475 0.0980 0.0879 0.0713
S2D [124] 0.0864 0.5287 0.4414 0.270
SINet [35] 0.0290 0.0642 0.0472 0.0283

Our method 0.0334 0.0446 0.0373 0.0299
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Figure 7.7: Ablation study on noise resistance on Synthia dataset. Our method has
a consistent performance while the others have a notable performance drop.

7.6 Conclusion

In this chapter, we have proposed an unsupervised end-to-end learning based Lidar-
Stereo fusion network “LidarStereoNet” for accurate 3D perception in real world
scenarios. To effectively handle the noise in Lidar points and the potential misalign-
ment between sensors, we present a novel “Feedback Loop” to select clean measure-
ments by comparing output stereo disparities and input Lidar points. We have also
introduced a piecewise slanted plane fitting loss into our network, thus enforcing
strong 3D structure regularization on generated disparity maps. Our LidarStereoNet
does not need ground-truth disparity maps for training and has good generalization
capabilities. Extensive experiments on both real and synthetic datasets prove the su-
periority of our approach, which clearly outperforms state-of-the-art stereo matching
and depth completion works with a large margin. Our approach could reliably work
even when Lidar points are completely missing. In the future, we plan to extend our
method to other depth perception and sensor fusion scenarios.



106 Noise-Aware Unsupervised Deep Lidar-Stereo Fusion




Part IV

Learning depth from a single image

107






Chapter 8

Stereo computation from a mixture
image

This chapter proposes an original problem of stereo computation from a single mixture
image— a challenging problem that had not been researched before. The goal is to
separate (i.e., unmix) a single mixture image into two constituted image layers, such
that the two layers form a left-right stereo image pair, from which a valid disparity
map can be recovered. This is a severely illposed problem, from one input image one
effectively aims to recover three (i.e., left image, right image and a disparity map). In
this work we give a novel deep-learning based solution, by jointly solving the two
subtasks of image layer separation as well as stereo matching. Training our deep net
is a simple task, as it does not need to have disparity maps. Extensive experiments
demonstrate the efficacy of our method !.

8.1 Introduction

Stereo computation (stereo matching) is a well-known and fundamental vision prob-
lem, in which a dense depth map D is estimated from two images of the scene from
slightly different viewpoints. Typically, one of the cameras is in the left (denoted by
I1) and the other in the right (denoted by Ir), just like we have left and right two eyes.
Given a single image, it is generally impossible to infer a disparity map, unless us-
ing strong semantic-dependent image priors such as those single-image depth-map
regression works powered by deep-learning [112,[109, 207]. Even though these learn-
ing based monocular depth estimation methods could predict a reasonable disparity
map from a single image, they all assume the input image to be an original colour
image.

In this chapter, we propose a novel and original problem, assuming instead one
is provided with one single mixture image (denoted by I) which is a composition
of an original stereo image pair I} and Ig, ie., I = f(I;,Ir), and the task is to
simultaneously recover both the stereo image pair I} and Iz, and an accurate dense
depth-map D. Under our problem definition, f denotes different image composition

IThis work was originally published in [206]
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operators that generate the mixture image, which is to be defined in details later.
This is a very challenging problem, due to the obvious ill-posed (under-constrained)
nature of the task, namely, from one input mixture image I one effectively wants to
recover three images (Ir, Ir, and D).

In theory it appears to be a blind signal separation (BSS) task, i.e., separating an
image into two different component images. However, conventional methods such as
BSS using independent component analysis (ICA) [59] are unsuitable for this prob-
lem as they make strong assumptions on the statistical independence between the
two components. Under our problem definition, I;, I are highly correlated. In com-
puter vision, image layer separation such as reflection and highlight removal [60, [61]
are also based on the difference in image statistics, again, unsuitable. Another re-
lated topic is image matting [208], which refers to the process of accurate foreground
estimation from an image. However it either needs human interaction or depends on
the difference between foreground object and background, which cannot be applied
to our task.

In this chapter, we advocate a novel deep-learning based solution to the above
task, by using a simple network architecture. We could successfully solve for a stereo
pair L,R and a dense depth map D from a single mixture image I. Our network
consists of an image separation module and a stereo matching module, where the
two modules are optimized jointly. Under our framework, the solution of one module
benefits the solution of the other module. It is worth-noting that the training of our
network does not require ground truth depth maps.

At a first glance, this problem while intrigue, has pure intellectual interest only,
not perhaps no practical use. In contrast, we show this is not the case: in this chapter,
we show how to use it to solve for three very different vision problems: double vision,
de-anaglyphy and even monocular depth estimation.

The requirement for de-anaglyph is still significant. If search on Youtube, there
are hundreds if not thousands of thousands of anaglyph videos, where the original
stereo images are not necessarily available. Our methods and the previous work
[63][62] enable the recovery of the stereo images and the corresponding disparity
map, which will significantly improve the users’ real 3D experience. As evidenced in
the experiments, our proposed method clearly outperforms the existing work with
a wide gap. Last but not least, our model could also handle the task of monocular
depth estimation and it comes as a surprise to us: Even with one single mixture
image, trained on the KITTI benchmark, our method produces the state of the art
depth estimation, with results much better than those traditional two images based
methods.

8.2 Setup the stage
In this chapter we study two special cases of our novel problem of joint image sepa-

ration and stereo computation, namely anaglyph (red-cyan stereo) and diplopia (double
vision) (see Figure.[8.1), which have not been well-studied in the past.
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Figure 8.1: Examples of image separation for single image based stereo computation. Left
column: A double-vision image is displayed here. Right column: A red-cyan stereo image
contains channels from the left and right images.

1) Double vision (aka. diplopia): Double vision is the simultaneous perception of
two images (a stereo pair) of a single object in the form of a single mixture image.
Specifically, under the double vision (diplopia) model (cf. Fig. (left column)),
the perceived image I = f(Ir, Ir) = (I + Ir)/2, i.e., the image composition is f
a direct average of the left and the right images. Note that the above equation
shares similarity with the linear additive model in layer separation [60, 209} 210]
for reflection removal and raindrop removal, we will discuss the differences in
details later.

2) Red-Cyan stereo (aka. anaglyph): An anaglyph (¢f. Fig.[8.1] (right column)) is a
single image created by selecting chromatically opposite colours (typically red and
cyan) from a stereo pair. Thus given a stereo pair I, Ir, the image composition
operator f is defined as I = f(Ir, Ir), where the red channel of I is extracted from
the red channel of I} while its green and blue channels are extracted from Ir. De-
anaglyph [63]62] aims at estimating both the stereo pair I, Iz (colour restoration)
and computing its disparity maps.

At a first glance, the problem seems impossible as one has to generate two images
plus a dense disparity map from one single input. However, since the two constitute
images are not arbitrary but related by a valid disparity map. Therefore, they must
be able to aligned well along the scanlines horizontally. For anaglyph stereo, existing
methods exploit both image separation constraint and disparity map com-
putation to achieve colour restoration and stereo computation. Joulin and Kang
reconstructed the original stereo pairs given the input anaglyph by using a modified
SIFT-flow method [211]. Williem ef al. presented a method to solve the problem
within iterations of colour restoration and stereo computation. These works suggest
that by properly exploiting the image separation and stereo constraints, it is possi-
ble to restore the stereo pair images and compute the disparity map from a single
mixture image.

There is little work in computer vision dealing with double vision (diplopia),
which is nonetheless an important topic in ophthalmology and visual cognition. The
most related works seem to be layer separation [60, 209], where the task is to decom-
pose an input image into two layers corresponding to the background image and the
foreground image. However, there are significant differences between our problem
and general layer separation. For layer separation, the two layers of the compos-
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ited image are generally independent and statistically different. In contrast, the two
component images are highly correlated for double vision.

Even though there have been remarkable progresses in monocular depth esti-
mation, current state-of-the-art network architectures [112}, [109] and [113]] cannot be
directly applied to our problem. This is because that they depend on a single left-
/right image input, which is unable to handle image mixture case investigated in this
work. Under our problem definition, the two tasks of image separation and stereo
computation are tightly coupled: stereo computation is not possible without correct
image separation; on the other hand, image separation will benefit from disparity
computation.

In this chapter, we present a unified framework to handle the problem of stereo
computation for a single mixture image, which naturally unifies various geometric
vision problems such as anaglyph, diplopia and even monocular depth estimation.
Our network can be trained with the supervision of stereo pair images only with-
out the need for ground truth disparity maps, which significantly reduces the re-
quirements for training data. Extensive experiments demonstrate that our method
achieves superior performances.

8.3 Our Method

In this chapter, we propose an end-to-end deep neural network to simultaneously
learn image separation and stereo computation from a single mixture image. It can
handle a variety forms of problems such as anaglyph, de-diplopia and even monoc-
ular depth estimation. Note that existing work designed for either layer-separation
or stereo-computation cannot be applied to our problem directly. This is because
these two problems are deeply coupled, i.e., the solution of one problem affects the
solution of the other problem. By contrast, our formulation to be presented as below,
jointly solves both problems.
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Figure 8.2: Overview of our proposed stereo computation for a single mixture image
framework. Our network consists of an image separation module and a stereo computation
module. Take a single mixture image as input, our network simultaneously separates the
image into a stereo image pair and computes a dense disparity map.
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8.3.1 Mathematical Formulation

Under our mixture model, quality of depth map estimation and image separation
are evaluated jointly and therefore, the solution of each task can benefit from each
other. Our network model (¢f. , Fig. consists of two modules, i.e., an image
separation module and a stereo computation module. During network training, only
the ground-truth stereo pairs are needed to provide supervisions for both image
separation and stereo computation.

By considering both the image separation constraint and the stereo computation
constraint in network learning, we define the overall loss function as:

L(6r,0r,0p) = Lc(01,0r) + Lp(6p), (8.1)

where 01, 0r, 0p denote the network parameters corresponding to the image separa-
tion module (left image prediction and right image prediction) and the stereo com-
putation module. A joint optimization of (6r,6r,0p) = argmin L(60,6,0p) gives
both the desired stereo image pair and the disparity map.

8.3.2 Image Separation

The input single mixture image I € RH#*"W*3 encodes the stereo pair image as [ =
f(IL, Ir), where f is the image composition operator known a priori. To learn the
stereo image pair from the input single mixture image, we present a unified end-
to-end network pipeline. Specifically, denote F as the learned mapping from the
mixture image to the predicted left or right image parameterized by 61 or 6z. The
objective function of our image separation module is defined as,

acLo(F(L0L), 1) + ap Ly (F(1;601)), (82)

where [ is the input single mixture image, I, Iz are the ground truth stereo image
pair. The loss function £ measures the discrepancy between the predicted stereo
images and the ground truth stereo images. The object function for the right image
is defined similarly.

In evaluating the discrepancy between images, various loss functions such as /;
loss [212], classification loss [10] and adversarial loss [213] can be applied. Here, we
leverage the pixel-wise /; regression loss as the content loss of our image separation
network,

ﬁc(f(I;QL),IL) = ’f(I;QL)—IL|. (83)

This loss allows us to perform end-to-end learning as compatible with the stereo
matching loss and do not need to consider class imbalance problem or add an extra
network structure as a discriminator.

Researches on natural image statistics show that a typical real image obeys sparse
spatial gradient distributions [214]. According to Yang et al. [60], such a prior can be
represented as the Total Variation (TV) term in energy minimization. Therefore, we
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have our image prior loss:
Ly(F(L60)) = [F(L6L)[tv = [VF(L6L)], (84)

where V is the gradient operator.

We design a U-Net architecture [154] for image separation, which has been used
in various conditional generation tasks. Our image separation module consists of
22 convolutional layers. Each convolutional layer contains one convolution-relu pair
except for the last layer and we use element-wise add for each skip connection to ac-
celerate the convergence. For the output layer, we utilize a “tanh” activation function
to map the intensity value between —1 and 1. A detailed description of our network
structure is provided in the supplemental material.

The output of our image separation module is a 6 channels image, where the first
3 channels represent the estimated left image F(I;60;) and the rest 3 channels for the
estimated right image F(I;0r). When the network converges, we could directly use
these images as the image separation results. However, for the de-anaglyph task, as
there is extra constraint (the mixture happens at channel level), we could leverage
the colour prior of an anaglyph that the desired image separation (colourization)
can be further improved by warping corresponding channels based on the estimated
disparity maps.

For the monocular depth estimation task, only the right image will be needed as
the left image has been provided as input.

8.3.3 Stereo Computation

The input to the stereo computation module is the separated stereo image pair from
the image separation module. The supervision of this module is the ground truth
stereo pairs rather than the inputs. The benefit of using ground truth stereo pairs
for supervision is that it makes the network not only learn how to find the matching
points, but also makes the network to extract features that are robust to the noise
from the generated stereo images.

Fig. shows an overview of our stereo computation architecture, we adopt a
similar stereo matching architecture from Zhong et al. [14] without its consistency
check module. The benefit for choosing such a structure is that their model can
converge within 2000 iterations which makes it possible to train the entire network
in an end-to-end fashion. Additionally, removing the need of ground truth disparity
maps enables us to access much more accessible stereo images.

Our loss function for stereo computation is defined as:

Lp = we(L+ L) + ws(LL+ £D), (8.5)

where L1, L7, denote the image warping appearance loss, L., L express the smooth-
ness constraint on the disparity map.

Similar to £., we form a loss in evaluating the image similarity by computing
the pixel-wise ¢; distance between images. We also add a structural similarity term
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SSIM [143] to improve the robustness against illumination changes across images.
The appearance loss L, is derived as:

I ,1 "
L1, 1) ZM (I L)+/\2‘IL_IL ,

(8.6)

where N is the total number of pixels and IZ is the reconstructed left image. A1, A2
balance between structural similarity and image appearance difference. According
to [109], I; can be fully differentially reconstructed from the right image Iz and the
right disparity map dr through bilinear sampling [215].

For the smoothness term, similar to [109], we leverage the Total Variation (TV)
and weigh it with image’s gradients. Our smoothness loss for disparity field is:

- %Dvudq e IVultl 41w dy e IVoltl, (8.7)

8.3.4 Implementation Details

We implement our network in TensorFlow [216] with 17.1M trainable parameters.
Our network can be trained from scratch in an end-to-end fashion with a supervision
of stereo pairs and optimized using RMSProp [217] with an initial learning rate of
1 x 107, Input images are normalized with pixel intensities level ranging from -1
to 1. For the KITTI dataset, the input images are randomly cropped to 256 x 512,
while for the Middlebury dataset, we use 384 x 384. We set disparity level to 96 for
the stereo computation module. For weighting loss components, we use ac = 1, &, =
02,wy = 1,ws = 0.05. We set Ay = 0.85,A, = 0.15 throughout our experiments.
Due to the hardware limitation (Nvidia Titan Xp), we only use batch size 1 during
network training.

8.4 Experiments and Results

In this section, we validate our proposed method and present experimental eval-
uation for both de-anaglyph and de-diplopia (double vision). For experiments on
anaglyph images, given a pair of stereo images, the corresponding anaglyph image
can be generated by combining the red channel of the left image and the green/blue
channels of the right image. Any stereo pairs can be used to quantitatively evalu-
ate the performance of de-anaglyph. However, since we also need to quantitatively
evaluate the performance of anaglyph stereo matching, we use two stereo match-
ing benchmarking datasets for evaluation: Middlebury dataset [43] and KITTI stereo
2015 [90]. Our network is initially trained on the KITTI Raw dataset with 29000 stereo
pairs that listed by [109] and further fine-tuned on Middlebury dataset. To highlight
the generalization ability of our network, we also perform qualitative experiments
on random images from Internet. For de-diplopia (double vision), we synthesize our
inputs by averaging stereo pairs. Qualitative and quantitative results are reported on
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KITTI stereo 2015 benchmark [90] as well. Similar to the de-anaglyph experiment,
we train our initial model on the KITTI raw dataset.

8.4.1 Advantages of joint optimization

Our framework consists of image separation and stereo computation, where the so-
lution of one subtask benefits the solution of the other subtask. Direct stereo com-
putation is impossible for a single mixture image. To analyze the advantage of joint
optimization, we perform ablation study in image separation without stereo com-
putation and the results are reported in Table Through joint optimization, the
average PSNR increases from 19.5009 to 20.0914, which demonstrates the benefit of
introducing the stereo matching loss in image separation.

Table 8.1: Ablation study of image separation on KITTL

Metric Image separation only Joint optimization
PSNR 19.5009 20.0914

8.4.2 [Evaluation of Anaglyph Stereo

We compare the performance of our method with two state-of-the-art de-anaglyph
methods: Joulin ef al. [62] and Williem et al. [63]. Evaluations are performed on two
subtasks: stereo computation and image separation (colour restoration).

Stereo Computation. We present qualitative comparison of estimated disparity maps
in Fig. [8.3) for Middlebury [43] and in Fig. [8.4] for KITTI 2015 [90]. Stereo pairs in
Middlebury are indoor scenes with multiple handcrafted layouts and the ground
truth disparities are captured by highly accurate structural light sensors. On the
other hand, the KITTI stereo 2015 consists of 200 outdoor frames in their training set,
which is more challenging than the Middlebury dataset. The ground truth disparity
maps are generated by sparse LIDAR points and CAD models.

Figure 8.3: Qualitative stereo computation results on the Middlebury dataset by our
method. From left to right: input anaglyph image, ground truth disparity map, disparity
map generated by Williem et al. and our method.

On both datasets, our method can generate more accurate disparity maps than
previous ones from visual inspection. It can be further evidenced by the quantitative
results of bad pixel percentage that shown in Table. [8.2|and Fig. For the Middle-
bury dataset, our method achieves 32.55% performance leap than Williem et al.  [63]
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Figure 8.4: Qualitative disparity map recovery results on KITTI-2015 of our method. Top
row: Input anaglyph image and ground truth disparity map. Bottom row: Result of Williem
et al. [63] and our result.

and 352.28% performance leap than Joulin et al. [62]. This is reasonable as Joulin et
al. [62] did not add disparity into its optimization. For the KITTI dataset, we achieve
an average bad pixel ratio (denoted as D1_all) of 5.96% with 3 pixel thresholding
across 200 images in the training set as opposed to 13.66% by Joulin et al. [62] and
14.40% by Williem et al. [63]].

Table 8.2: Performance comparison in disparity map estimation for de-anaglyph on the
Middlebury dataset. We report the bad pixel ratio with a threshold of 1 pixel. Disparities are
scaled according to the provided scaling factor on the Middlebury dataset.

Method | Tsukuba | Venus | Cones | Teddy | Mean
Joulin [62] 14.02 | 25.90 | 23.49 | 43.85 | 26.82
Williem [63] | 1253 | 224 | 8.00 | 8.68 | 7.86

Ours 10.44 1.25 4.51 7.51 5.93
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Figure 8.5: Disparity map estimation results comparison on the KITTI stereo 2015 dataset.

Image Separation. As an anaglyph image is generated by concatenating the red
channel from the left image and the green and blue channels from the right image,
the original colour can be found by warping the corresponding channels based on the
estimated disparity maps. We leverage such a prior for de-anaglyph and adopt the
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Table 8.3: Performance comparisons (PSNR) in image separation (restoration) for the task
of de-anaglyph on the Middlebury dataset.

Method Tsukuba Venqs Cone.s Teddy
Left |Right| Left [Right| Left |Right| Left |Right
Joulin [62] [30.83|32.88(29.66(31.97|21.52 [24.54(21.16|24.59
Williem 30.32|31.12|31.41{34.93|23.68|26.17|23.14| 31.05
Ours 32.99|35.31 |35.05|37.74|26.31 |30.17|28.44/|35.53

post-processing step from Joulin et al. [62] to handle occluded regions. Qualitative
and quantitative comparison of image separation performance are conducted on the
Middlebury and KITTI datasets. We employ the Peak Signal-to-Noise Ratio (PSNR)
to measure the image restoration quality.

Qualitative results for both datasets are provided in Fig. and Fig. Our
method is able to recover colours in the regions where ambiguous colourization op-
tions exist as those areas rely more on the correspondence estimation, while other
methods tend to fail in this case.

Figure 8.6: Qualitative image separation results on the KITTI-2015 dataset. Top to bottom:
Input, ground truth, result from Williem et al. [63], our result. Our method successfully
recovers the correct colour of the large textureless region on the right of the image while the
other method fails.

Table |8.3|and Table 8.4 report the performance comparison between our method
and state-of-the-art de-anaglyph colourization methods: Joulin et al. [62] and Williem
et al. [63] on the Middlebury dataset and on the KITTI dataset correspondingly. For
the KITTI dataset, we calculated the mean PSNR throughout the total 200 images of
the training set. Our method outperforms others with a notable margin. Joulin et
al. [62] is able to recover relatively good restoration results when the disparity level
is small, such as Tsukuba, Venus, and KITTI. When the disparity level doubled, its
performance drops quickly as for Cone and Teddy images. Different with Williem et
al. [63], which can only generate disparity maps at pixel level, our method is able
to further optimize the disparity map to sub-pixel level, therefore achieves superior
performance in both stereo computation and image restoration (separation).
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Figure 8.7: Qualitative comparison in image separation (restoration) on the Middlebury
dataset. The first column shows the input anaglyph image and the ground truth image. The
results of Williem et al. [63] (top) and our method (bottom) with their corresponding error
maps are shown in the second and the third column.

Table 8.4: Performance comparisons (PSNR) in image separation (restoration) for the task
of de-anaglyph on the KITTI dataset.

Dataset | View | Joulin [62] | Williem [63] | Ours
Left 25.13 24.57 26.30
KITT Right 27.19 26.94 28.76

Anaglyph in the wild. One of the advantages of conventional methods is their gen-
eralization capability. They can be easily adapt to different scenarios with or without
parameter changes. Deep learning based methods, on the other hand, are more likely
to have a bias on specific dataset. In this section, we provide qualitative evaluation of
our method on anaglyph images downloaded from the Internet to illustrate the gen-
eralization capability of our method. Our method, even though trained on the KITTI
dataset which is quite different from all these images, achieves reliable image sepa-
ration results as demonstrated in Fig. This further confirms the generalization
ability of our network model.

8.4.3 Evaluation for double-vision unmixing

Here, we evaluate our proposed method for unmixing of double-vision image, where
the input image is the average of a stereo pair. Similar to anaglyph, we evaluate our
performance based on the estimated disparities and reconstructed stereo pair on
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Figure 8.8: Qualitative stereo computation and image separation results for real world
anaglyph images downloaded from the Internet. Left to right: input anaglyph images, dis-
parity maps of our method, image separation results of our method.

the KITTI stereo 2015 dataset. For disparity evaluation, we use the oracle disparity
maps (that are computed with clean stereo pairs) as a reference in Fig. The
mean bad pixel ratio of our method is 6.67%, which is comparable with the oracle’s
performance as 5.28%. For image separation, we take a layer separation method [209]
as a reference. A quantitative comparison is shown in Table 8.5 Conventional layer
separation methods tend to fail in this scenario as the statistic difference between
the two mixed images is minor which violates the assumption of these methods.
Qualitative results of our method are shown in Fig.

Table 8.5: Performance comparison in term of PSNR for the task of image restoration from
double-vision images on the KITTI dataset.

Dataset View Liet al. Ours
Left 17.03 24.38
KITTI Right 7.67 24.55

8.5 Beyond Anaglyph and Double-Vision

Our problem definition also covers the problem of monocular depth estimation,
which aims at estimating a depth map from a single image [65), 207]. Un-
der this setup, the image composition operator f is defined as I = f(Ir,Ir) = I, or
I = f(Ir,Ir) = Ig, i.e., the mixture image is the left image or the right image. Thus,
monocular depth estimation is a special case of our problem definition.
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Figure 8.9: Stereo computation results on the KITTI 2015 dataset. The oracle disparity map
is computed with clean stereo images.

Figure 8.10: Qualitative diplopia unmixing results by our proposed method. Top to bot-
tom,left to right: input diplopia image, ground truth left image, restored left image by our
method, and our estimated disparity map.

We evaluated our framework for monocular depth estimation on the KITTI 2015
dataset. Quantitative results and qualitative results are provided in Table and
Fig. where we compare our method with state-of-the-art methods [112], [97] and
[109]. Our method, even designed for a much more general problem, outperforms
both and [97] and achieves quite comparable results with [109].

8.6 Conclusion

This chapter has defined a novel problem of stereo computation from a single mix-
ture image, where the goal is to separate a single mixture image into a pair of stereo
images—from which a legitimate disparity map can be estimated. This problem
definition naturally unifies a family of challenging and practical problems such as
anaglyph, diplopia and monocular depth estimation. The problem goes beyond the
scope of conventional image separation and stereo computation. We have presented
a deep convolutional neural network based framework that jointly optimizes the im-
age separation module and the stereo computation module. It is worth noting that
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Table 8.6: Monocular depth estimation results on the KITTI 2015 dataset using the split of
Eigen et al. [65]. Our model is trained on 22,600 stereo pairs from the KITTI raw dataset
listed by [109] by 10 epochs. Depth metrics are from Eigen et al. [65]. Our performance is
better than the state-of-the-art method [109].

Methods Abs Rel|Sq Rel|[RMSE|RMSE log|s < 1.25[6 < 1.25%[5 < 1.25%
Zhou et al. [97] | 0.183 |1.595|6.709 | 0.270 0.734 | 0.902 0.959
Gargetal [112] | 0.169 |1.080|5.104| 0.273 0.740 | 0.904 0.962

Godard et al. [109]| 0.140 | 0.976 |4.471| 0.232 0.818 | 0.931 0.969
Ours 0.126 | 0.835|3.971| 0.207 0.845 | 0.942 0.975

Figure 8.11: Qualitative monocular estimation evaluations on the KITTI-2015 dataset: Top
to bottom: left image, ground truth, results from Zhou et al. [97], results from Garg et al.
[112], results from Godard et al. [109] and our results. Since the ground truth depth points
are very sparse, we interpolated it with a colour guided depth painting method [28] for better
visualization.

we do not need ground truth disparity maps in network learning. In the future, we
will explore additional problem setups such as “alpha-matting”. Other issues such
as occlusion handling and extension to handle video should also be considered.
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Chapter 9

Unsupervised Deep Epipolar Flow
for Stationary or Dynamic Scenes

Unsupervised deep learning for optical flow computation has achieved promising
results. Most existing deep-net based methods rely on image brightness consistency
and local smoothness constraint to train the networks. Their performance degrades
at regions where repetitive textures or occlusions occur. In this chapter, we propose
Deep Epipolar Flow, an unsupervised optical flow method which incorporates global
geometric constraints into network learning. In particular, we investigate multiple
ways of enforcing the epipolar constraint in flow estimation. To alleviate a “chicken-
and-egg” type of problem encountered in dynamic scenes where multiple motions
may be present, we propose a low-rank constraint as well as a union-of-subspaces
constraint for training. Experimental results on various benchmarking datasets show
that our method achieves competitive performance compared with supervised meth-
ods and outperforms state-of-the-art unsupervised deep-learning methods !.

9.1 Introduction

Optical flow estimation is a fundamental problem in computer vision with many
applications. Since Horn and Schunck’s seminal work [66], various methods have
been developed using variational optimization [70, [71} 72], energy minimization [73}
74,75, 76], or deep learning [77, 78, 79| 180]. In this paper, we particularly tackle the
problem of unsupervised optical flow learning using deep convolutional neural net-
works (CNNs). Compared to its supervised counterpart, unsupervised flow learning
does not require ground-truth flow, which is often hard to obtain, as supervision and
can thus be applied in broader domains.

Recent research has been focused on transforming traditional domain knowledge
of optical flow into deep learning, in terms of either training loss formulation or net-
work architecture design. For example, in view of brightness consistency between
two consecutive images, a constraint that has been commonly used in conventional
optical flow methods, researchers have formulated photometric loss [110, 116], with

IThis work was originally published in [16]
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the help of fully differentiable image warping [219], to train deep neural networks.
Other common techniques including image pyramid [220] (to handle large flow dis-
placements), total variation regularization [221, 222] and occlusion handling [223]
have also led to either new network structures (e.g., pyramid networks [79, 180]) or
losses (e.g., smoothness loss and occlusion mask [117, 118]). In the unsupervised set-
ting, existing methods mainly rely on the photometric loss and flow smoothness loss
to train deep CNNSs. This, however, poses challenges for the neural networks to learn
optical flow accurately in regions with repetitive textures and occlusions. Although
some methods [117, [118] jointly learn occlusion masks, these masks do not mean to
provide more constraints but only to remove the outliers in the losses. In light of
the difficulties of learning accurate flow in these regions, we propose to incorporate
global epipolar constraints into flow network training in this paper.

Leveraging epipolar geometry in flow learning, however, is not a trivial task. An
inaccurate or wrong estimate of fundamental matrices [92] would mislead the flow
network training in a holistic way, and thus significantly degrade the model predic-
tion accuracy. This is especially true when a scene contains multiple independent
moving objects as one fundamental matrix can only describe the epipolar geometry
of one rigid motion. Instead of posing a hard epipolar constraint, in this paper, we
propose to use soft epipolar constraints that are derived using low-rankness when the
scene is stationary, and union of subspaces structure when the scene is motion agnostic.
We thus formulate corresponding losses to train our flow networks in an unsuper-
vised manner.

Our work makes an attempt towards incorporating epipolar geometry into deep
unsupervised optical flow computation. Through extensive evaluations on standard
datasets, we show that our method achieves competitive performance compared with
supervised methods, and outperforms existing unsupervised methods by a clear
margin. Specifically, as of the date of paper submission, on KITTI and MPI Sin-
tel benchmarks, our method achieves the best performance among published deep
unsupervised optical flow methods.

9.2 Related work

Optical flow estimation has been extensively studied for decades. A significant
number of papers have been published in this area. Below we only discuss a few
geometry-aware methods and recent deep-learning based methods that we consider
closely related to our method.

Supervised deep optical flow. Recently, end-to-end learning based deep optical
flow approaches have shown their superiority in learning optical flow. Given a large
amount of training samples, optical flow estimation is formulated to learn the regres-
sion between image pair and corresponding optical flow. These approaches achieve
comparable performance to state-of-the-art conventional methods on several bench-
marks while being significantly faster. FlowNet [77] is a pioneer in this direction,
which needs a large-size synthetic dataset to supervise network learning. FlowNet2
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[78] greatly extends FlowNet by stacking multiple encoder-decoder networks one af-
ter the other, which could achieve a comparable result to conventional methods on
various benchmarks. Recently, PWC-Net [80] combines sophisticated conventional
strategies such as pyramid, warping and cost volume into network design and set
the state-of-the-art performance on KITTI [89] 90] and MPI Sintel [68]. These super-
vised deep optical flow methods are hampered by the need for large-scale training
data with ground truth optical flow, which also limits their generalization ability.
Unsupervised deep optical flow. Instead of using ground truth flow as supervision,
Yu et al. [110] and Ren et al. [111] suggested that, similar to conventional meth-
ods, the image warping loss can be used as supervision signals in learning optical
flow. However, there is a significant performance gap between their work and the
conventional ones. Then, Simon et al. [116] analyzed the problem and introduced
bidirectional Census loss to handle illumination variation between frames robustly.
Concurrently, Yang et al. [117] proposed an occlusion-aware warping loss to exclude
occluded points in error computation. Very recently, Janai et al. [118] extended
two-view optical flow to multi-view cases with improved occlusion handling per-
formance. Introducing sophisticated occlusion estimation and warping loss reduces
the performance gap between conventional methods and current unsupervised ones,
nevertheless, the gap is still huge. To address this issue, we propose a global epipolar
constraint in flow estimation that largely narrows the gap.

Geometry-aware optical flow. In the field of cooperating with geometry constrains,
Valgaerts et al. [85] introduced a variational model to simultaneously estimate the
fundamental matrix and the optical flow. Wedel et al. [86] utilized fundamental ma-
trix prior as a weak constraint in a variational framework. Yamaguchi et al. [87]
converted optical flow estimation task into a 1D search problem by using precom-
puted fundamental matrices and the small motion assumptions. These methods,
however, assume that the scene is mostly rigid (and thus a single fundamental ma-
trix is sufficient to constrain two-view geometry), and treat the dynamic parts as
outliers [86]. Garg et al. [224] used the subspace constraint on multi-frame optical
flow estimation as a regularization term. However, this approach, assumes an affine
camera model and works over entire sequences. Wulff et al. [88] used semantic in-
formation to split the scene into dynamic objects and static background and only
applied strong geometric constraints on the static background. Recently, inspired
by multi-task learning, people started to jointly estimate depth, camera poses and
optical flow in an unified framework [102, 99} 225]. These work mainly leverage a
consistency between flows that estimated from a flow network and computed from
poses and depth. This constraint only works for stationary scenes and their perfor-
mance is only comparable with unsupervised deep optical flow methods.

By contrast, our proposed method is able to handle both stationary and dynamic
scenarios without explicitly computing fundamental matrices. This is achieved by
introducing soft epipolar constraints derived from epipolar geometry, using low-
rankness and union-of-subspaces properties. Converting these constraints to proper
losses, we can exert global geometric constraints in optical flow learning and obtain
much better performance.
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9.3 Epipolar Constraints in Optical Flow

Optical flow aims at finding dense correspondences between two consecutive frames.
Formally, let I' denote the image at time ¢, and I'*! the next image. For pixels x; in
I', we would like to find their correspondences x! in I'*1. The displacement vectors
v = [vy,..,vn] € R?*N (with N the total number of pixels in I*) are the optical flow
we would like to estimate.

Recall that in two-view epipolar geometry [92], by using the homogeneous co-
ordinates, a pair of point correspondences in two frames x! = (x/,y,,1)T and x; =
(xi,y;,1)T is related by a fundamental matrix F,

XTFx; = 0. 9.1)

In the following sections, we show how to enforce the epipolar constraint as a
global regularizer in flow learning.

9.3.1 Two-view Geometric Constraint

Given estimated optical flow v, we can convert it to a series of correspondences x;
and x} in I' and I'™! respectively. Then these corresponding points can be used to
compute a fundamental matrix F by normalized 8 points method [92]. Once the
F is estimated, we can compute its fitting error. Directly optimizing Eq. is
not effective as it is only an algebraic error that does not reflect the real geometric
distances. We can use the Gold Standard method [92] to compute the geometric
distances but it requires reconstructing the 3D points X; beforehand for every point.
Otherwise, we can use its first-order approximation, the Sampson distance Lr to
represent the geometric error,

(x"Fx;)?

N
fr= Zz: (in)% + (in)% + (FTxg)% + (FTxg)% : (9.2)

The difficulty of optimizing this equation comes from its chicken-and-egg charac-
ter: it consists of two mutually interlocked sub-problems, i.e., estimating a fundamental
matrix F from an estimated flow and updating the flow to comply with the F. This alternat-
ing method, therefore, heavily relies on proper initialization.

Up to now, we have only considered the static scene scenario, where only ego-
motion exists. In a multi-motion scene, this method requires estimating F for each
motion, which again needs a motion segmentation step. It is still feasible to address
this problem via iteratively solving three sub-tasks: (i) update flow estimation; (ii)
estimate F" for each rigid motion given current motion segmentation; (iii) update motion
segmentation based on the nearest F™.

However, this method again has several inherent limitations. First, the number of
motions need to be known as a priori which is almost impossible in general optical
flow estimation. Second, this method is still sensitive to the quality of initial optical
flow estimation and motion labels. Incorrectly estimated flow may generate wrong
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F", which will in turn lead flow estimation to the wrong solution, therefore making
the estimation even worse. Third, the motion segmentation step is non-differentiable,
so with it, an end-to-end learning becomes impossible.

To overcome these drawbacks, we formulate two soft epipolar constraints using
low-rankness and union-of-subspaces properties. And we will show that these con-
straints can be easily included as extra losses to regularize the network learning.

9.3.2 Low-rank Constraint

In this section, we show that it is possible to enforce a soft epipolar constraint without
explicitly computing the fundamental matrix in a static scene.
Note that we can rewrite the epipolar constraint in Eq. (9.1)) as

flvec(xx]) =0, (9.3)
where f € R? is the vectorized fundamental matrix of F and
vee(xix} ) = (xix}, xiy, xi, Yixl, yivi, Yi, x5, yi, )T (9.4)

Observe that, vec(x/x]) lies on a subspace (of dimension up to eight), called
epipolar subspace [226]. Let us define h; = vec(x/x!). Then the data matrix H =
[hy, ..., hy] should be low-rank. This provides a possible way of regularizing optical
flow estimation via rank minimization instead of explicitly computing F. Specifically,
we can formulate a loss as

Liowrank = rank(H) , (9.5)

which is unfortunately non-differentiable and is thus not feasible to serve as a loss for
flow network training. Fortunately, we can still use its convex surrogate, the nuclear
norm, to form a loss as

‘Cikowrank = HHH* ’ (96)

where the nuclear norm || - ||« can be computed by performing singular value de-
composition (SVD) of H. Note that the SVD operation is differentiable and has been
implemented in modern deep learning toolboxes such as Tensorflow and Pytorch, so
this nuclear norm loss can be easily incorporated into network training. We also note
that though this low-rank constraint is derived from epipolar geometry described
by a fundamental matrix, it still applies in degenerate cases where a fundamental
matrix does not exist. For example, when the motion is all zero or pure rotational, or
the scene is fully planar, H will have rank six; under certain special motions, e.g., an
object moving parallel to the image plane, its H will have rank seven.

Comparing to the original epipolar constraint, one may concern that this low-rank
constraint is too loose to be effective, especially when the ambient space dimension
is only nine. Although a thorough theoretical analysis is out of the scope of this
paper (interested readers may refer to literature such as [227]), we will show in our
experiments that this loss can improve the model performance by a significant mar-
gin when trained on data with mostly static scenes. However, this loss becomes
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Figure 9.1: Motion segmentation and affinity matrix (constructed from C) visual-
ization. The scene contains three motions annotated by three different colours: the
ego-motion and the two cars’ movements. On the right, we show a constructed affin-
ity matrix from C which contains three diagonal blocks corresponding to these three
motions. On the bottom left, we illustrate our estimated optical flow and the top left
image shows that all these three motions are correctly segmented based on the C.
The sparse dots on the image are the sampled 2000 points that has been used to com-
pute C. It proves that our Union-of-Subspace constraint can work under multi-body
scenarios.

ineffective when a scene has more than one motion, as the matrix H will then be
full-rank.

9.3.3 Union-of-Subspaces Constraint

In this section, we introduce another soft epipolar constraint, namely union-of-subspaces
constraint, which can be applied in broader cases.

From Eq. (94), it’s not hard to observe that h; from one rigid motion lies on
a common epipolar subspace because they all share the same fundamental matrix.
When there are multiple motions in a scene, h; will lie in a union of subspaces.
Note that this union-of-subspace structure has been shown to be useful in motion
segmentation from two perspective images [228]. Here, we re-formulate it in optical
flow learning and come up with an effective loss using closed-form solutions.

In particular, the union-of-subspaces structure can be characterized by the self-
expressiveness property [229], i.e., a data point in one subspace can be represented
by a linear combination of other points from the same subspace. This has translated
into a mathematical optimization problem [230, 231] as

1
mcin§||C||12; st. H=HC. 9.7)

where C is the subspace self-expression coefficient and H is a matrix function of
estimated flows. Note that, in subspace clustering literature, other norms on C have
also been used, e.g., nuclear norm in [232] and ¢; norm in [229]. We are particularly
interested in the Frobenius norm regularization due to its simplicity and equivalence
to nuclear norm optimization [231], which is crucial for formulating an effective loss
for CNN training.
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However, in real world scenarios, the flow estimation inevitably contains noises.
Therefore, we relax the constraints in Eq.(9.7) by alternatively optimizing the function
below

1 A
‘C'subSPace = EHCH%""EHHC_HH% ’ (9.8)

Instead of using a iterative solver, given an H, we can derive a closed form solution
for C, ie.,,
C*= (I+AH'H) 'AHTH. (9.9)

Plugging the solution of C back to Eq., we arrive at our final union-of-
subspaces loss term that only depends on the estimated flow:

1 _
£subspace :E H (I + /\HTH) 1/\HTHH%

3 (9.10)
+5 [HI+ AHTH)']AH'H - H|2 .

Directly applying this loss to the whole image will lead to GPU memory overflow
due to the computation of HTH € RN*N (with N the number of pixels in a image).
To avoid this, we employ a randomly sampling strategy to sample 2000 flow points
in a flow map and compute a loss based on these samples. This strategy is valid
because random sampling will not change the intrinsic character of sets.

We remark that this subspace loss requires no prior knowledge of the number
of motions in a scene, so it can be used to train a flow network on a motion-agnostic
dataset. In a single-motion case, it works similarly to the low-rank loss since the
optimal loss is closely related to the rank of H [231]. In a multi-motion case, as long
as the epipolar subspaces are disjoint and principle angles between them are below
certain thresholds [233], this loss can still serve as a global regularizer. Even when
the scene is highly non-rigid or dynamic, unlike the hard epipolar constraint, this
loss won’t be detrimental to the network training because it will have same values
for both ground-truth flows and wrong flows. In Fig. we show the results of a
typical image pair from KITTI using this constraint, demonstrating the effectiveness
of our method.

9.4 Unsupervised Learning of Optical Flow

We formulate our unsupervised optical flow estimation approach as an optimization
of image based losses and epipolar constraint losses. In unsupervised optical flow
estimation, only photometric loss Lppoto can provide data term. Additionally, we use
a smoothness term Lqmooth and our epipolar constraint term Lgjjowrank|subspace S OUL
regularization terms. Our overall loss £ is a linear combination of these three losses

L= *Cphoto + Lsmooth + V2£F|lowrank\subspace/ (9-11)

where py, yup are the weights for each term. We empirically set y; = 0.02 and p, =
0.02,0.01,0.001 for Lf, L, .ank- Lsubspace T€SPectively.
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9.4.1 Image Warping Loss

Similarly to conventional methods, we leverage the most popular brightness con-
stancy assumption, i.e., I', [ t+1 should have similar pixel intensities, colours and gra-
dients. Our photometric error is then defined by the difference between the reference
frame and the warped target frame based on flow estimation.

In [116]], they target at the case which the illumination may changes from frame
to frame and propose a bidirectional census transform C(-) to handle this situation.
We adopt this idea to our photometric error. Therefore, our photometric loss is a
weighted summation of pixel intensities (or colour) loss £;, image gradient loss L
and bidirectional census loss L.

Ephoto =ML+ ML+ ASﬁg, (9.12)

where A1 = 0.5,A; =1, A3 = 1 are the weights for each term.

Inspired by [117], we only compute our photometric loss on non-occluded areas
O and normalize the loss by the number of pixels of non-occluded regions. We
determine a pixel to be occluded or not by forward-backward consistency check. If
the sum of its forward and backward flow is above a threshold T, we set the pixel as
occluded. We use T = 3 in all experiments.

Our photometric loss is thus defined as follows:

ﬁz’ = iO, . go(ft(xi) — It(Xi>)] / %Ol (913)
i=1 i
N N
ﬁc = ZOi . gp(@t(xi) — Ct(Xi))] / Zoi (9.14)
i=1 i
N N
Le= 1Y 0i-9(VI'(x) - VI*(x»)] /Y0 9.15)
i=1 i

where [*(x;) = I'*1(x; + v;) is computed through image warping with the estimated
flow, and following [117], we use a robust Charbonnier penalty ¢(x) = v/x2 + 0.001?
to evaluate differences.

9.4.2 Smoothness Loss

Commonly, there are two kinds of smoothness prior in conventional optical flow
estimation: One is piece-wise planar, and the other is piece-wise linear. The first one
can be implemented by penalizing the first order derivative of recovered optical flow
and the later one is by the second order derivative. For most rigid scenes, piece-wise
planar model can provide a better interpolation. But for deformable cases, piece-wise
linear model suits better. Therefore, we use a combination of these two models as our
smoothness regularization term. We further assumes that the edges in optical flows
are edges in reference colour images as well. Formally, our image guided smoothness
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term can be defined as:
L=y (e—“W” V| + eVl WW\) /N, (9.16)

where a7 = 0.5 and ay = 0.5 and V € RW*H*2 i5 a matrix form of v.

9.5 Experiments

We evaluate our methods on standard optical flow benchmarks, including KITTI
[89, 90], MPI-Sintel [68], Flying Chairs [77], and Middlebury [69]. We compare our
results with existing optical flow estimation methods based on standard metrics, i.e.,
endpoint error (EPE) and percentage of optical flow outliers (Fl). We denote our
method as EPIFlow.

9.5.1 Implementation details.

Architecture and Parameters. We implemented our EPIFlow network in an end-to-
end manner by adopting the architecture of PWC-Net [80] as our base network due
to its state-of-the-art performance. The original PWC-Net takes a structure of pyra-
mid and learns on 5 different scales. However, a warping error is ineffective on low
resolutions. Therefore, we pick the highest resolution output, upsample it to match
the input resolution by bilinear interpolation, and compute our self-supervised learn-
ing losses only on that scale. The learning rate for initial training (from scratch) is
10~* and that for fine-tuning is 10~°. Depending on the resolution of input images,
the batch size is 4 or 8. We use the same data argumentation scheme as proposed
in FlowNet2 [78]. Our network’s typical speed varies from 0.07 to 0.25 seconds per
frame during the training process, depending on the input image size and the losses
used, and is around 0.04 seconds per frame in evaluation. The experiments were
tested on a regular computer equipped with a Titan XP GPU. EPIFlow is signifi-
cantly faster compared with conventional methods.

Pre-training. We pre-trained our network on the Flying Chairs dataset using a
weighted combination of the warping loss and smoothness loss. Flying Chairs is
a synthetic dataset consisting of rendered chairs superimposed on real-world Flickr
images. Training on such a large-scale synthetic dataset allows the network to learn
the general concepts of optical flow before handling complicated real-world condi-
tions, e.g., changeable light or motions. To avoid trivial solutions, we disabled the
occlusion-aware term at the beginning of the training (i.e., the first two epochs). Oth-
erwise, the network would generate all zero occlusion masks which invalidate losses.
The pre-training roughly took forty hours and its returned model was used as an ini-
tial model for other datasets.
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Table 9.1: Performance comparison on the KITTI and Sintel optical flow bench-
marks. The metric EPE(noc) indicates the average endpoint error of non-occluded
regions while the term EPE(all) is that for all pixels. The KITTI 2015 testing dataset
evaluates results by the percentage of flow outliers (Fl). The baseline, gtF, F, low-rank,
and sub models were trained on the KITTI VO dataset. The parentheses indicate
the corresponding models that were trained on the same data. Note that the current
STOA unsupervised method Back2Future Flow [118] uses three frames as input. Best
results are marked by bold fonts.

KITTI 2012 KITTI 2015 Sintel Clean Sintel Final
Method EPE(all) EPE(noc) EPE(all) EPE(noc) Fl—all EPE(all) EPE(all)
train  test train  test train train test train  test  train  test
& EpicFlow [234] (3.09) 38 - 1.5  (9.27) - 26.29% (2.27) 411 (3.56) 6.29
“é’ MRFlow [88] - - - - - - 12.19% (1.83) 2.53 (3.59) 5.38
3 SpyNet [79] 9.12 - - - 20.56 - 35.07% (4.12) 6.69 (5.57) 8.43
2 FlowNet2 [78] 4.09 - - - 10.06 - - 202 396 314 6.02
g PWC-Net [80] 4.14 - - - 10.35 - - 255 345 393 4.60
& PWC-Net-ft [80] (145) 15 - 0.8 (2.16) - 9.60% (1.70) 3.86 (2.21) 5.17
UnsupFlownet [110] 11.30 99 430 4.6 - - - - - - -
DSTFlow-ft [111] (1043) 124 329 4.0 16.79 6.96 39.00% 7.10 10.95 7.95 11.80
DF-Net [225] 354 44 - - 8.98 - 25.70% - - - -
GeoNet [99] - - - - 10.81 8.05 - - - - -
g UnFlow [116] 3.29 - 1.26 - 8.10 - - - 9.38 791 10.21
‘= OAFlow [117] 355 4.2 - - 8.88 - 31.20% 741 - 7.92 -
g CCFlow [102] - - - - - 7.76 - - - - -
7 Back2Future [118] - - - - 6.59 3.22 2294% (3.89) 723 (552) 8.81
=
= Our-baseline 3.23 - 1.04 - 7.93 421 - 6.72 - 7.31 -
Our-gtF 2.61 - 1.04 - 6.03 2.89 - 6.15 - 6.71 -
Our-F 2.56 - 0.97 - 6.42 3.09 - 6.21 - 6.73 -
Our-low-rank 2.63 - 1.07 - 591 3.03 - 6.39 - 6.96 -
Our-sub 2.62 - 1.03 - 6.02 2.98 - 6.15 - 6.83 -
Our-sub-test-ft 261 (32) 1.03 (11) 556 2.56 (16.24%) 3.94 (6.84) 5.08 (8.33)
Our-sub-train-ft (2.51) 34 (099) 13 (5.55) (2.46) 16.95% (3.54) 7.00 (4.99) 851

9.5.2 Datasets

KITTI Visual Odometry (VO) Dataset. The KITTI VO dataset contains 22 calibrated
sequences with 87,060 consecutive pairs of real-world images. The ground truth
poses of the first 11 sequences are available. We fine-tuned our initial model on the
KITTI VO dataset using various loss combinations. We chose it for two reasons: (1)
it provides ground truth camera poses for every frame, which simplifies the problem
of network performance analysis and (2) most scenes in the KITTI VO dataset are
stationary and thus can be fitted by an ego-motion. The relative poses (between a
pair of images) and camera calibration can be used to compute fundamental matrices.
To compare our various methods fairly, we use the first 11 sequences as our training
set.

KITTI Optical Flow Dataset. The KITTI optical flow dataset contains two sub-

sets: KITTI 2012 and KITTI 2015, where the first one mostly contains stationary
scenes and the latter one includes more dynamic scenes. KITTI 2012 provides 194
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) Input ‘ Ours Back2Future [118] Our Error [118] Error

Figure 9.2: Qualitative results on KITTI 2015 Test dataset. We compare our method
with Back2Future Flow [118]. The second column contains the flows estimated by
Our-sub-ft model while the third column contains the results of Back2Future Flow.
The flow error visualization is also provided where correct estimates are depicted in
blue and wrong ones in red. Consistent with the quantitative analysis, our results
are visually better on structural boundaries

Input Ours Back2Future [118]  Our Error [118]] Error

Figure 9.3: Qualitative results on the MPI Sintel dataset. This figure shares the
same layout with Fig. |9.2 except the top two rows are from the Final set and the two
bottom rows are from the Clean set. The errors are visualized in gray on the Sintel
benchmark.

annotated image pairs for training and 195 pairs for testing while KITTI 2015 pro-
vides 200 pairs for training and 200 pairs for testing. Our training did not use the
KITTI datasets” multiple-view extension images.

MPI Sintel Dataset. The MPI Sintel dataset provides naturalistic frames which
were captured from an open source movie. It contains 1041 training image pairs with
ground truth optical flows and pixel-wise occlusion masks, and also provides 552 im-
age pairs for benchmark testing. The scenes of the MPI Sintel dataset were rendered
under two different complexity (Clean and Final). Unlike the KITTI datasets, most
scenes in the Sintel dataset are highly dynamic.
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Input Our-baseline Our-F Our-low-rank Our-sub

Figure 9.4: Endpoint error performance of our various models on the KITTI 2015
training dataset. We compared Our-baseline, Our-F, Our-low-rank, and Our-sub
models on the KITTI 2015 dataset to analyze their performance when handling dy-
namic objects. The results of the Our-sub model are much better.

9.5.3 Quantitative and Qualitative Results

We use the suffix “-baseline” to indicate our baseline model that was trained using
only photometric and smoothness loss. “-F” represents the model that was trained
using hard fundamental matrix constraint with estimated F. “-gtF” means that we
used the ground truth fundamental matrix. “-low-rank” refers to the model applying
the low rank constraint, and “-sub” is the model using our subspace constraint. “-ft”
denotes the model fine-tuned on the datasets.

KITTI VO training results. We report our results that were trained on the KITTI
VO dataset in Table where our models are compared with various state-of-the-
art methods. Our methods outperform all previous learning-based unsupervised
optical flow methods with a notable margin. Note that most scenes in KITTI VO
dataset are stationary, and therefore the difference between our-gtF, our-F, our-low-
rank and our-sub is small across these benchmarks.

Benchmark Fine-tuning Results. We fine-tuned our models on each benchmark
and report the results with a suffix ’-ft” in Table For example, simply following
the same hyper-parameters as before, we finetuned our models on the KITTI 2015
testing data. After fine-tuning, Our-sub model shows great performance improve-
ment and achieved an EPE of 2.61 and 5.56 respectively on the KITTI 2012 and KITTI
2015 training datasets, which outperforms all the deep unsupervised methods and
many supervised methods. Similarly, on the MPI Sintel trainings dataset, Our-sub-ft
model performs best among the unsupervised methods, with an EPE of 3.94 on the
Clean images and 5.08 on the Final images. Furthermore, both on the KITTI and Sin-
tel testing benchmarks, our method outperformed the current state-of-the-art unsu-
pervised method Back2Future Flow by a margin. We improve the best unsupervised
performance from an Fl of 22.94% to 16.24% on KITTI 2015. The Our-sub-ft model
achieved an EPE of 6.84 on the Sintel Clean dataset and 8.33 on the Final set, which
are the results that unsupervised methods have never touched before. Additionally,
it should be noted that the Back2Future Flow method is based on a multi-frame for-
mulation while our method only requires two frames. Our model is also competitive
compared with some fine-tuned supervised networks, such as SpyNet.
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Qualitatively, as shown in Fig. and Fig. compared with the results of
Back2Future Flow, the shapes in our estimated flows are more structured and have
more explicit boundaries which represent motion discontinuities. This trend is also
apparent in the flow error images. For example, on the KITTI 2015 dataset (Fig.[9.2),
the results of Back2Future Flow usually bring a larger region of error with crimson
colours around the objects.

It should be noted that fine-tuning on the target datasets (e.g., KITTI 2015) does
not bring significant improvement because we have trained the models on a real-
world dataset KITTI VO. The models have learned the general concepts of realistic
optical flows and fine tuning just helps them familiar with the datasets” characteris-
tics. On the KITTI 2012 training set, the fine-tuned model achieves very close results
with the Our-sub model, which are respectively 2.61 and 2.62 EPE. Fine-tuning on
the Sintel Clean dataset improves the result from 6.15 to 3.94 EPE, because the Sintel
Clean dataset renders the synthetic scenes under low complexity and the images are
quite different from the real world.

9.5.4 Ablation study
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Figure 9.5: Endpoint error over epochs on the Sintel Final dataset. We illustrate
the endpoint errors over the training epochs when using various combinations of
constraints. For all the three methods, the training started from the same pre-trained
model ‘Our-baseline’. Combing the image warping and subspace constraints out-

performs other two methods, which is consistent with the final fine-tuned results
reported in Table

The Our-F, Our-low-rank and Our-sub models all work well in stationary scenes
and they have similar quantitative performance. To further analyze their capabilities
in handling general dynamic scenarios, we fine-tuned each method on the KITTI
2015 and Sintel Final dataset. Both of them involve multiple motions in an image
while Sintel scenes are more dynamic. As shown in Table Our-sub can handle
dynamic scenarios best and achieves the lowest EPE in both benchmarks. The hard
fundamental constraint shares a similar performance with our baseline model but
cannot converge on the Sintal dataset, whose EPE is reported as NaN. It is because
a highly dynamic scene does not have a global fundamental F. For the low-rank
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Table 9.2: Fine-tuning results comparison on KITTI 2015 and Sintel Final training
sets. We fine-tuned our models on the training sets of KITTI 2015 and Sintel Final
dataset. The term NaN indicates the model cannot converge.

Method KITTI 2015 Sintel Final
EPE(all) EPE(noc) EPE(all)
Our-baseline-ft 6.16 2.85 5.87
Our-F-ft 6.19 2.85 NaN
Our-low-rank-ft 5.72 2.62 5.59
Our-sub-ft 5.56 2.56 5.08

constraint, its performance is not affected by dynamic objects while it cannot gain
information by modeling multiple movements as well. In Fig. we provide the
validation error curves over the training’s early stages on Sintal final dataset. The
subspace loss helps the model converge quicker and achieve lower cost than other
methods.

9.6 Conclusion

In this chapter, we have proposed effective methods to enforce global epipolar ge-
ometry constraints for unsupervised optical flow learning. For a stationary scene,
we applied the low-rank constraint to regularize a globally rigid structure. For gen-
eral dynamic scenes (multi-body or deformable), we proposed to use the union-of-
subspaces constraint. Experiments on various benchmarking datasets have proved
the efficacy and superiority of our methods compared with state-of-the-art (unsuper-
vised) deep flow methods. In the future, we plan to study the multi-frame extension,
i.e., enforcing geometric constraints across multiple frames.



Part VI

Learning depth and camera motion
from a monocular video
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Chapter 10

Deep Two-View Structure from
Motion

Two-view structure-from-motion (SfM) is the cornerstone of 3D reconstruction and
visual SLAM. Existing deep learning-based approaches formulate the problem in
ways that are fundamentally ill-posed, relying on training data to overcome the in-
herent difficulties. In contrast, we propose a return to the basics. We revisit the prob-
lem of deep two-view SfM by leveraging the well-posedness of the classic pipeline.
Our method consists of 1) an optical flow estimation network that predicts dense
correspondences between two frames; 2) a normalized pose estimation module that
computes relative camera poses from the 2D optical flow correspondences, and 3)
a scale-invariant depth estimation network that leverages epipolar geometry to re-
duce the search space, refine the dense correspondences, and estimate relative depth
maps. Extensive experiments show that our method outperforms all state-of-the-art
two-view SfM methods by a clear margin on KITTI depth, KITTI VO, MVS, Scenes11,
and SUN3D datasets in both relative pose estimation and depth estimation. Note
that this framework can be easily adapted to self-supervised manner using the self-
supervised losses that proposed in [14) [16].

10.1 Introduction

Two-view structure-from-motion (SfM) is the problem of estimating the camera mo-
tion and scene geometry from two image frames of a monocular sequence. As the
foundation of both 3D reconstruction and visual simultaneous localization and map-
ping (VSLAM), this important problem finds its way into a wide range of applica-
tions, including autonomous driving, augmented /virtual reality, indoor navigation,
and robotics.

Classic approaches to two-view SfM follow a standard pipeline of first match-
ing features/edges between the two images, then inferring motion and geometry
from those matches [235] 236} 93| 237, 238, 239, 240]. When imaging conditions are
well-behaved (constant lighting, diffuse and rigid surfaces, and non-repeating vi-
sual texture), the matching process is well-posed. And, once the matches have been
found, the motion and geometry can be recovered.
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Figure 10.1: Comparison between our method and previous deep monocular structure-
from-motion methods. We formulate camera pose estimation as a 2D matching problem
(optical flow) and depth prediction as a 1D matching problem along an epipolar line. In
contrast, previous methods suffer from ill-posedness (either single-frame depth prediction,
in the case of Type I, or scaled estimates, in the case of Type II).

For decades, researchers who work in this area have contented themselves with
requiring at least two views, and with recovering only relative camera motion and
relative scene geometry (that is, shape up to an unknown scale factor). Without a
priori knowledge of scale, or recognizable objects in the scene, it is impossible to
recover scene geometry from a single view, nor is it possible mathematically to infer
absolute scale from two views of a scene.

With the rise of deep learning, a number of researchers have recently explored
neural network-based solutions to the problem of two-view SfM. Most of these meth-
ods fall into one of two categories. In the first category, which we shall call Type I,
the problem is treated as a joint optimization task of monocular depth estimation
and pose regression [97, 99, 102]. Two networks are used: one to estimate the up-
to-scale depth from a single image, and another to estimate the up-to-scale camera
pose from two input images. Both networks act independently in the inference. In
the second category, denoted Type II, the scaled camera pose and the scaled depth
are inferred from the image pair, and are iteratively refined via multi-view geome-
try [98], 1103, 106].

While the power of deep learning allows both Type I and Type II solutions to
achieve competitive performance on several SfM benchmarks, these methods attempt
to solve problems that are fundamentally ill-posed, in the sense of Hadamard [241].
The fact that single-view 3D reconstruction is ill-posed is well-known [242} 243 244]],
as is the impossibility of recovering absolute scale from two monocular views [92].
To overcome the difficulties of solving these ill-posed problems, deep learning-based
approaches rely heavily upon prior knowledge captured in the training data, which
in turn constrains their generalizability.
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In this chapter, we revisit the use of deep learning for two-view SfM. Our frame-
work follows the classic pipeline in which features are matched between image
frames to yield relative camera poses, from which relative depths are estimated. By
combining the strengths of deep learning within a classic pipeline, we are able to
avoid ill-posedness, which allows our approach to achieve state-of-the-art results on
several benchmarks.

A comparison between our approach and existing pipelines is shown in Fig.
Our method operates by first estimating dense matching points between two frames
using a deep optical flow network [147], from which a set of highly reliable matches
are sampled in order to compute the relative camera pose via a GPU-accelerated
classic five-point algorithm [245] with RANSAC [96]. Since these relative camera
poses have scale ambiguity, the estimated depth suffers from scale ambiguity as
well. Therefore, in order to supervise the estimated scale-ambiguous depth with
the (scaled) ground truth depth, we propose a novel scale-invariant depth estimation
network combined with scale-specific losses to estimate the final relative depth maps.
Since the search space of the depth estimation network is reduced to epipolar lines
thanks to the camera poses, it yields higher accuracy than directly triangulating the
optical flows with the estimated camera poses. We demonstrate the effectiveness of
our framework by achieving state-of-the-art accuracy in both pose estimation and
depth estimation on KITTI depth, KITTI VO, MVS, Scenesl1, and SUN3D datasets.

Our main contributions are summarized as:

1) We revisit the use of deep learning in SfM, propose a new deep two-view SfM
framework that avoids ill-posedness. Our framework combines the best of deep
learning and classical geometry.

2) We propose a scale-invariant depth estimation module to handle the mismatched
scales between ground truth depth and the estimated depth.

3) Our method outperforms all previous methods on various benchmarks for both
relative pose estimation and depth estimation under the two-view SfM setting.

10.2 Two-view Geometry: Review and Analysis

The task of two-view SfM refers to estimating the relative camera poses and dense
depth maps from two consecutive monocular frames. In classic geometric vision, it
is well understood that the camera poses as well as the depth maps can be computed
from image matching points alone without any other information [91].!
. . . o . T
Given a set of image matching points in homogeneous coordinates, x; = [x; y; 1]

T . . . .
and x; = [x; v 1} with known camera intrinsic matrix K, the two-view SfM task

is to find a camera rotation matrix R and a translation vector t as well as the corre-
sponding 3D homogeneous points X; and X/ such that:

xi=K[I]0]X; xi=K[R|t]X] Vi (10.1)

IExcluding degenerate cases.
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A classical method to solve this problem consists of three consecutive steps: 1)
Computing the essential matrix E from the image matching points x; and x/; 2) Ex-
tracting the relative camera pose R and t from the essential matrix E; 3) Triangulating
the matching points x; and x; with the camera pose to get 3D points X; and X..

All steps in this pipeline are well-posed problems. The essential matrix E can be
solved with at least 5 matching points using the equation below:

XK TEK'x, =0 Vi (10.2)

R and t can be computed from E using matrix decomposition such that E = SR,
where S is a skew symmetric matrix and R is a rotation matrix. Since for any non-
zero scaling factor &, [at] R = a [t] R = aE provides a valid solution, there is a
scale ambiguity for relative camera pose estimation. The 3D points X; and X! can be
computed by triangulation with a global scale ambiguity.

The above method assumes the ideal case in which all image points are per-
fectly matched. To handle mismatched points in real scenarios, researchers have
established a classical standard pipeline to estimate geometry information from two
consecutive frames [92].

10.2.1 The Classic Standard Pipeline

With decades of development and refinement, the classic standard pipeline [92] is
widely used in many conventional state-of-the-art SM and vSLAM systems [93] 94),
95]. Since all geometry information can be recovered from image matching points,
the key is to recover a set of (sparse or dense) accurate matching points. To this end,
the pipeline often starts with sparse (or semi-dense) distinct feature extraction and
matching to get sparse matching points, as sparse / semi-dense matching is more
accurate than dense matching. To further refine the matching results, the RANSAC
scheme [96] is used to filter the matching points that do not fit the majority motion.
These outliers often include mismatches and dynamic objects in a scene. After re-
trieving the camera poses from the refined matching points, the depth of these points
can be computed via triangulation. In some cases, if it is desired to estimate dense
depth maps rather than the sparse 3D points, multi-view stereo matching algorithms
can be used to recover the dense depth maps with the estimated camera poses.

The Achilles” heel of this pipeline is therefore the matching of points. Conven-
tional matching algorithms often suffer low accuracy on non-Lambertian, blurry, and
textureless surfaces. However, this shortage can be largely alleviated by deep learn-
ing [80, 246, [147]. With sufficient training data, such networks can learn to handle
these scenarios. In our proposed approach, we leverage a deep optical flow net-
work [147] to compute these correspondences.

10.2.2 Deep Learning based Methods

As discussed earlier, two-view SfM requires to estimate both camera poses and dense
depth maps. Existing deep learning based methods either formulate the problem as
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pose regression and monocular depth estimation (Type I) or as pose regression and
multi-view stereo matching (Type II). We analyze both types of methods below.

Type I methods consist of a monocular depth estimation network and a pose
regression network. The two-view geometry constraints are used as self-supervisory
signals to regularize both camera poses and depth maps [97, 99, 100, 101} [102]. As a
result, most of these approaches are self-supervised. Because single-view depth esti-
mation is inherently ill-posed, as discussed earlier, these methods are fundamentally
limited by how well they can solve that challenging problem.

Since the two-view geometry constraints are only suitable for a stationary scene,
SfMLearner [97] simultaneously estimates an explainability mask to exclude the dy-
namic objects while GeoNet [99] utilizes an optical flow module to mask out these
outliers by comparing the rigid flow (computed by camera poses and depth maps)
with the non-rigid flow (computed by the optical flow module). Other methods
focus on implementing more robust loss functions such as ICP loss [100], motion
segmentation loss [102], or epipolar loss [101].

Type II methods require two image frames to estimate depth maps and camera
poses at test time (unlike Type I methods, which estimate depth from a single frame).
Most supervised deep methods fall into this category. As a pioneer of this type, De-
MoN [98] concatenates a pair of frames and uses multiple stacked encoder-decoder
networks to regress camera poses and depth maps, implicitly utilizing multi-view
geometry.

Similar strategies have been adapted by [103} (104, [105| [106] by replacing generic
layers between camera poses and depth maps with optimization layers that explicitly
enforce multi-view geometry constraints. For example, BANet [103] parameterizes
dense depth maps with a set of depth bases and imposes bundle adjustment as a dif-
ferentiable layer into the network architecture. Wang et al. [105] use regressed cam-
era poses to constrain the search space of optical flow, estimating dense depth maps
via triangulation. DeepV2D [106] separates the camera pose and depth estimation,
iteratively updating them by minimizing geometric reprojection errors. Similarly,
DeepSFM [107] initiates its pose estimation from DeMoN [98], sampling nearby pose
hypotheses to bundle adjust both poses and depth estimation. Nevertheless, with
the ground truth depth as supervision, it requires the pose regression module to es-
timate camera poses with absolute scale, which is generally impossible from a pair or
a sequence of monocular frames alone [92]. To mitigate this ill-posed problem, they
utilize dataset priors and semantic knowledge of the scene to estimate the absolute
scale.

10.3 Method

In this section, we propose a new deep two-view structure-from-motion framework
that aims to address, via deep learning, the Achilles” heel of the classical SfM pipeline
(viz., matching). Our method is able to find better matching points and therefore
more accurate depth maps, especially for textureless and occluded areas. At the
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same time, it follows the wisdom of classic methods by avoiding ill-posed problems.
By combining the best of both worlds, our approach is able to achieve state-of-the-art
results, outperforming all previous methods by a clear margin.

Following the classic standard pipeline [92], we formulate the two-frame structure-
from-motion problem as a three-step process: 1) match corresponding points be-
tween the frames, 2) estimate the essential matrix, and hence the relative camera
pose, 3) estimate dense depth maps, up to an unknown scale factor. These steps,
along with the loss function used for training, are described in more detail in the
following subsections.

10.3.1 Optical Flow Estimation

A fundamental problem in computer vision, optical flow estimation has been exten-
sively studied for several decades [66]. With the recent progress in deep learning,
deep optical flow methods now dominate various benchmarks [247,168] and can han-
dle large displacements as well as textureless, occluded, and non-Lambertian sur-
faces. In our framework, we utilize the state-of-the-art network, DICL-Flow [147], to
generate dense matching points between two consecutive frames. This method uses a
displacement-invariant matching cost learning strategy and a soft-argmin projection
layer to ensure that the network learns dense matching points rather than image-flow
regression. The network was pre-trained on synthetic datasets (FlyingChairs [77] and
FlyingThings [248]) to avoid data leakage, i.e., , the network was not pre-trained on
any of the test datasets.

10.3.2 Essential Matrix Estimation

The traditional approach to estimating camera pose between two image frames is to
match sparse points, e.g., , SIFT features [249], Then, given a set of matching points
x <+ x' and the camera intrinsic matrix K, the essential matrix [91] E can be recovered
from the five-point algorithm [250, 245]. By decomposing the essential matrix as
E = [t|xR, the rotation matrix R and the translation vector t can be recovered up
to a scale ambiguity. Conventionally, outliers in the matching points are filtered
using robust fitting techniques such as RANSAC [96]. RANSAC repeatedly estimates
the essential matrix from randomly sampled minimal matching sets and selects the
solution that is satisfied by the largest proportion of matching points under a certain
criterion.

Unlike all previous deep learning-based methods that regress the camera poses
from input images, we use matching points to compute the camera poses. The key
question is this: How to robustly filter the noisy dense matches from optical flow
in order to retain only the high quality matches? There are multiple ways to filter
out unreliable matching points such as flow uncertainty, consistency check, or using
a network to regress a mask. Empirically, we find that simply using SIFT keypoint
locations (note that we do not use SIFT matching) to generate a mask works well in all
datasets. The hypothesis is that optical flow is more accurate in rich textured areas.
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The optical flow matches at the locations within the mask are filtered by RANSAC
with GPU acceleration, to avoid distraction by dynamic objects. After retrieving the
essential matrix E, the camera pose (R, t) is recovered using matrix decomposition.

10.3.3 Scale-Invariant Depth Estimation

Once we have recovered the up-to-scale relative camera pose, with the dense match-
ing points from optical flow estimation, we could compute the dense depth map by
performing triangulation. However, such an approach would not take advantage of
the epipolar constraint. As a result, we perform the matching again by constraining
the search space to epipolar lines computed from the relative camera pose. This pro-
cess is similar to multi-view stereo (MVS) matching with one important difference:
we do not have the absolute scale in inference. With the up-to-scale relative pose, if
we were to directly supervise the depth estimation network with ground truth depth,
there would be a mismatch between the scale of the camera motion and the scale of
the depth map.

Previous approaches. To resolve this paradox, previous methods either use a
scale-invariant loss [65] or regress the absolute scale with a deep network [98] 106,
107]. The scale-invariant loss g is defined as:

2

ts1 = Y (log(dy) — log(dy) +1(d,d)) (10.3)

X

where dy and dy are the ground truth and estimated depth, respectively, at pixel
x; and 5(d,d) = & Xy (log(cfx) - log(dx)) measures the mean log difference between
the two depth maps. While working for the direct depth regression pipelines, the
scale-invariant loss introduces an ambiguity for network learning as the network
could output depth maps with different scales for each sample. This may hinder the
principle of plane-sweep, where depth maps with consistent scale are desired. Plane
sweep [251] is the process that enforces the epipolar constraint, which reduces the
search space from 2D to 1D.

Plane-sweep powered networks require consistent scale during the training and
testing process. For example, if we train a network with absolute scales and test
it with a normalized scale, its performance will drop significantly (we provide an
ablation study in Section [10.4.5). Since it is impossible to recover the absolute scale
from two images, previous methods [98, [106| [107] use a network to regress a scale
to mimic the absolute scale in inference. This strategy slightly alleviates the scale
paradox at the cost of making the problem ill-posed again.

Scale-Invariant Matching. To solve this paradox and keep the problem well-
posed, we propose a scale-invariant matching process to recover the up-to-scale
dense depth map. Mathematically, given an image point x, we generate L match-
ing candidates {x]}| ;:

(10.4)

i~ iR g (€0,
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Figure 10.2: The Effect of Various Scale Factors during Plane Sweep. For a certain pixel,
we visualize its six depth hypotheses with different colors in the target frame. As the scale
factor a changes, the sampling distribution varies.

where d; = (L X dmin)/1, (I = 1,...,L) is the depth hypothesis and dmin is a fixed
minimum depth.

In the standard plane-sweep MVS setting, the sampling distribution of matching
candidates varies depending on the ground truth scale. We illustrate the changes
of sampling distribution along with the change of scale « = ||t||, in Fig. Since
we do not know the absolute scale in our problem, we normalize the translation
vectors to t = t/a such that |||, = 1. As shown in Eq. (I04), with fixed {d;}| ; and
normalized translation t, the distribution of matching candidates {x/}"_, are now
invariant to scale.

To make the estimated and ground truth depths compatible, according to Eq. (10.4),
we need to scale the estimated depth d correspondingly to match the ground truth
depth d:

d ~ agd, (10.5)

where ag; refers to the ground truth scale.

This scale-invariant matching strategy plays a crucial role in our framework as
it makes our network no longer suffer from the scale misalignment problem. As
shown in Table with the scale-invariant matching, our network achieves similar
performance comparing with the theoretical upper bound, i.e., , the Oracle model
that is trained and tested with ground truth poses.

10.3.4 Loss Function

Our framework is trained in an end-to-end manner with the supervision of ground
truth depth maps and ground truth scales. Given a predicted depth d and a ground
truth depth d, we supervise the depth using the smooth ¢; loss:

Edepth = Z Lsmooth (“gtax - dx) ’ (10.6)
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where lonoom(z) = 0522 if |z| < 1,|z — 0.5] otherwise. It should be noted that our
predicted depth is up-to-scale and does not require ground truth scale at inference
time.

If both ground truth camera poses (R,t) and ground truth depth dg are given,
we can also update the optical flow network by computing the rigid flow uy = x’ — x
for 2D point x:

x' ~ K[R ‘ t] |:<K_1x)dgt:| )

. (10.7)

The rigid flow can work as a supervision signal, computing the ¢, distance with
the estimated optical flow Giy:

£ﬂow = Z (ﬁx - ux)z . (108)

X

The total loss function of our framework is then given by:
Liotal = ﬁdepth + ALfow, (10.9)

where A is a trade-off parameter. We set A = 1 if fine-tuning the optical flow estima-
tor while make A = 0 if just using the flow model pretrained on synthetic datasets.

10.4 Experiments

In this section, we provide quantitative and qualitative results of our framework on
various datasets, showing comparison with state-of-the-art StM methods. We also
provide an extensive ablation study to justify our framework design. Due to the
scale-ambiguity nature of the two-view SfM problem, we scale the results of ours
and others using the same scaling strategy as in [106, 103]. For all experiments, our
optical flow estimator is [147] while the architecture of depth estimator is based on
[251].

10.4.1 Network and Hyper-parameter Selection

Our framework consists of two matching modules: an optical flow module and a
depth estimation module. We select the current off-the-shelf state-of-the-art network,
DICL-Flow [147], as our optical flow module and the DPSNet [251] with our pro-
posed scale-invariant modification as our depth estimation module.

We use the SIFT keypoint locations to mask the optical flow before feeding into
the RANSAC. For the sake of completeness, we also provide the results of using
different keypoint detectors in Table including SURF [252] and FAST [253].
While all of them achieve state-of-the-art performance in all three datasets, the SIFT
keypoints have the overall best performance.

For essential matrix estimation, we use 512 threads on each GPU to compute
essential matrix hypotheses. Each GPU thread randomly selects 5 points from the
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Table 10.1: Various Keypoint Detection Methods for Optical Flow Masking. We keep the
predicted optical flow the same while using the keypoint locations of FAST, SURF, and SIFT
to mask the flow correspondences.

Model MVS Scenesl1 Sun3D
Rot Tran Rot Tran Rot Tran
DeepSEM [107] 2.824 9.881 0.403 5.828 1.704 13.107
Our-FAST 1.832 3.849 0.327 1.492 1.489 11.430
Our-SURF 1.744 3.643 0.372 1.501 1.587 12.226
Our-SIFT 2.417 3.878 0.276 2.041 1.391 10.757

masked matching points and estimates an essential matrix hypothesis using the 5-
point algorithm [250]. We choose the hypothesis with the most inliers using the
RANSAC scheme. We empirically set the RANSAC inlier error threshold T = 0.0001
and set a maximum iteration 8 = 20 for MVS, Scenesll and SUN3D datasets, and
§ = 5 for the KITTI dataset. For the depth estimation module, we set the number of
matching candidates L = 96 for KITTI, MVS, Scenes11, and SUN3D datasets. We use
a normalized minimum depth dpmin = 1.0 for the KITTI dataset and dmin = 0.5 for
MVS, Scenesll, and SUN3D datasets.

We implement our framework in PyTorch with Automatic Mixed Precision. For
KITTI dataset, we use a crop size of [256,768] and a batch size of 32, and train the
network for 10 epochs. The initial learning rate is set to 0.0005 and dropped by half
at 3 and 8 epochs. The total training time is 40 hours on eight NVIDIA Tesla V100
GPUs. For the MVS, Scenesll and SUN3D datasets, we leverage the same training
protocol as provided in [I07]. The crop size is set to [256,384] and the batch size is
set to 64. We jointly train our network on all three datasets for 10 epochs and use
the same initial learning rate of 0.0005 and drop by half at the fifth epoch. The total
training time for these three datasets is 85 hours. Our data augmentation includes
random flipping, color jittering, resizing, and cropping.

10.4.2 Datasets

KITTI Depth [247] is primarily designed for depth evaluation in autonomous driving
scenarios, which does not take camera motions and dynamic objects into account..
The Eigen split [65], which contains 697 single frames for testing, is a widely used
split for evaluating single image depth estimation. For the SfM task, the close to
static camera motions and dynamic objects will lead to ill-posed situations. To better
evaluate the performance of SfM algorithms on Eigen Split, we build the Eigen SfM
Split that mostly satisfies two-view SfM assumptions. Specifically, we first pair each
frame with its next frame then manually remove these pairs with small relative trans-
lations (less than 0.5 meters) or contain large dynamic objects?. We use the remaining
256 frames to construct our Eigen SfM Split.

KITTI VO [247] is primarily used for evaluating camera pose estimation. It con-

2We define a dynamic object which occupies more than 20% pixels of a scene as a large dynamic
object.
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tains ten sequences (more than 20k frames) with ground truth camera poses. Ac-
cording to the setting of [97], we test our pose estimation accuracy on the “09” and
“10” sequences, using left camera images in a set of rolling two-frame pairs.

MYVS, Scenesll, and SUN3D. MVS is collected from several outdoor datasets
by [98]. Different from KITTI which is built through video sequences with close
scenes, MVS has outdoor scenes from various sources. Scenesll [98] is a synthetic
dataset generated by random shapes and motions. It is therefore annotated with
perfect depth and pose, though the images are not realistic. SUN3D [254] provides
indoor images with noisy depth and pose annotation. We use the SUN3D dataset
post-processed by [98], which discards the samples with a high photo-consistency
error.

10.4.3 Depth Evaluation

We perform depth evaluation on KITTI Depth, KITTI VO, MVS, Scenes11, and SUN3D
datasets.

KITTI Depth. We compare our framework with both types of deep SfM meth-
ods using seven commonly used depth metrics [65]. We also leverage one disparity
metric D1-all® as it measures the precision of the depth estimation. Since the Type
I are unsupervised methods and they all perform single frame depth estimation in
inference, we also compare with state-of-the-art supervised single image depth esti-
mation methods such as DORN [255] and VNL [256] as they can be viewed as the
upper bounds of Type I methods.

Quantitative results are shown in Table Although only using a flow estima-
tor pre-trained on synthetic datasets, our method beats all previous methods with
a clear margin on various metrics, e.g., , 2.273 against 2.727 in RMSE. Especially,
our method largely outperforms DeepV2D although DeepV2D used ground truth
camera pose and five-frame sequences for training. Note that there is a number of
frames in the Eigen split that do not strictly satisfy the rigid SfM assumption such
as stationary scene and notable camera motions. When only keeping the frames that
satisfy SfM assumptions, i.e., , on the Eigen SfM split, our method achieves even
better accuracy, with 3.1% vs 9.1% in D1-all. Fig. illustrates some qualitative re-
sults with a comparison to state-of-the-art single image method [255] and deep SfM
method [106]].

KITTI VO. To compare the depth estimation results on KITTI VO dataset, we
use the state-of-the-art monocular depth estimation network Monodepth2 [257] as
our main competitor. For a fair comparison, we re-train both our method and the
Monodepth2 [257] with ground truth depth supervision on the first 9 sequences (Seq
00 to Seq 08) of the KITTI VO dataset. We add a suffix “-sup” to Monodepth2 to
denote that the model is trained with ground truth depth. We report their depth
estimation accuracy on the 9" and 10" sequences. As shown in Table our
method reduces the error rate of D1_all metric for more than 73%, comparing with

3Percentage of stereo disparity outliers. We convert the estimated depth to disparities using the focal
length and baseline provided by KITTIL
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Table 10.2: Depth Evaluation on KITTI Depth Dataset. We compare our results to state-of-
the-art single-frame depth estimation methods and deep SfM methods on the KITTI depth
Eigen split. We evaluate all SfM methods under two-view SfM setting for a fair compari-
son. The “Eigen SfM” split (256 frames) excludes frames that are close to static or contain
many dynamic objects in the Eigen split. The type S means supervised single frame depth
estimation. Note that Type I methods are unsupervised methods. Bold indicates the best.

. lower is better higher is better
Splitllype  Method |3y pelsq Rel\RMSE\RMSElOg\Dl-aII\‘(S < 1.25%5 <1.25% < 125°
S | DORN [255] || 0072 [0307]2727] 0.120 |0163] 0932 | 0984 | 0994
VNL [256] || 0.072 | - [3258] 0.117 |0.176| 0.938 | 0.990 | 0.998
SPMLearner [O7]| 0.208 |1768]6.85| 0283 | - | 0.678 | 0.885 | 0957
GeoNet [99] || 0.155 |1296 |5.857| 0233 | - | 0.793 | 0931 | 0973
c | 1| DFNet[225] || 0150 |1.124|5507| 0223 | - | 0.806 | 0933 | 0973
5 CCNet [102] || 0.140 |1.070|5.326| 0217 | - | 0826 | 0941 | 0975
2 GLNet [101] || 0.099 |0.796 [4743| 0186 | - | 0884 | 0955 | 0979
[ | BANet[103] [ 0083 | - [3640] 0134 | - | - - -
DeepV2D [106] || 0.064 |0.350|2.946| 0.120 |0.142| 0.946 | 0982 | 0.991
Ours 0.055 |0.224|2.273] 0.091 |0.107] 0956 | 0.98% | 0993
= | g | DORN[Z55] || 0.067 [0295|2929] 0.108 |0.130] 0949 | 0988 | 09%
2 VNL [256] || 0.065 |0.297|3.172 0106 |0.168 0945 | 0989 | 0.997
§ | II | DeepV2D[I06] || 0.050 [0.212|2483| 0.089 [0.091] 0.973 | 0.992 | 0.997
= Ours 0.034 [0.103 | 1.919| 0.057 |0.031] 0.989 | 0.998 | 0.999

Figure 10.3: Qualitative Results on the KITTI Dataset. The yellow circles and boxes in the
top row highlight tiny poles which are captured more accurately by our method.
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Table 10.3: Quantitative Results on KITTI VO dataset. The monodepth2-sup (Mono-
sup) model was trained with ground truth depth maps.

Method [Abs Err (m)|Abs Rel[Sq Rel[RMSE (m)[RMSE,,, | D1-all [§ < 1.25[6 < 1.257[ < 1.25°
Mono-sup| 17958 | 0.0935 [0.4842| 3.6140 | 0.1478 |26.1221] 0.8933 | 0.9751 | 0.9938
Ours 0.9294 | 0.0442 |0.1618| 2.2164 | 0.0789 | 7.0159 | 0.9766 | 0.9948 | 0.9981

Reference Image Monodepth2-sup [257] Ours

Figure 10.4: Point Cloud Comparison on KITTI VO. Red: LiDAR; Yellow: Mon-
odepth?2 [257] with ground truth supervision; Blue: Ours. Our point clouds are more aligned
with the ground truth LiDAR points while the Monodepth2-sup often wrongly estimate
depth for grass and trees.

the Monodepth2-sup [257]. We provide a point cloud comparison in Fig. where
our point clouds are more aligned with the ground truth LiDAR points while the
Monodepth2-sup often wrongly estimate depth for grass and trees.

MYVS, Scenes11, and SUN3D. We compare our framework to state-of-the-art Type
IT methods under two-view SfM setting using metrics by [98]. We use the same depth
inference strategy as in [107]. As shown in Table our method achieves superior
performance on all metrics among all three datasets comparing with the previous
state-of-the-art Type II methods. Fig. illustrates some qualitative results.

10.4.4 Camera Pose Estimation

We compare the camera pose estimation accuracy with Type I and Type II SEM meth-
ods on KITTI VO, MVS, Scenes11, and SUN3D datasets.

KITTI VO. We compare our visual odometry results on the 9" and 10" sequences
of KITTI VO dataset with the state-of-the-art SM methods in Table using com-
mon visual odometry evaluation criteria. Since other competitors are fine-tuned on
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Figure 10.5: Qualitative Examples on MVS, Scenes11, and SUN3D Datasets, where our
method consistently achieves better results.

Table 10.4: Depth Estimation Results on MVS, Scenes11, and SUN3D Datasets. The results
of baseline SIFT come from [98].

MVS Dataset Scenes11 Dataset Sun3D Dataset
Method Depth Depth Depth
Ll-inv Sc-inv Ll-rel || L1-inv Sc-inv Ll-rel || L1-inv  Sc-inv  Ll-rel
Base-SIFT 0.056 0.309 0.361 0.051 0.900 1.027 0.029 0290 0.286
COLMAP 0.384 0.625 0.623

DeMoN 0.047 0202 0.305 0.019 0315 0.248 0.019 0114 0.172
LS-Net 0.051 0221 0311 0.010 0410 0.210 0.015 0189  0.650
BANet 0.030  0.150  0.080 0.080 0210 0.130 0.015 0.110  0.060
DeepSFM [107] 0.021 0.129  0.079 0.007 0112  0.064 0.013  0.093 0.072
Ours 0.015 0.102  0.068 0.005  0.097 0.058 0.010 0.081  0.057

Table 10.5: Full Sequence Visual Odometry on KITTI VO. Note that our network is trained
on synthetic datasets and compute camera poses from only two consecutive frames while
other methods are fine-tuned on the KITTI VO dataset and take multiple frames to estimate
the camera poses. Bold indicates the best.

Seq 09 Seq 10
Method forr | Terr | ATE (}{PE (M) [RPE ()| forr | Torr | ATE qRPE (m)|[RPE (°)
SfMLearner 8.28[3.07[24.31| 0.099 | 0.140 |12.202.96]20.87| 0.120 | 0.154
SC-SfMLearner [258] |7.64(2.19]15.02| 0.095 | 0.102 |10.74|4.58/20.19| 0.105 | 0.107
CC [102] 6.92(1.77|129.00| 0.095 | 0.088 |7.97 |3.11|13.77| 0.097 | 0.116
DF-VO [259]  |2.47(0.30/11.02| 0.055 | 0.037 | 1.96 |0.31| 3.37 | 0.047 | 0.042
Ours 1.70(0.48| 6.87 | 0.016 | 0.034 | 1.49 [0.55| 2.26 | 0.010 | 0.040
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the KITTI VO dataset in an unsupervised manner, for a fair comparison we do not
train the optical flow estimator used for computing the camera poses on KITTI, but
rather use the network pre-trained on synthetic datasets, without further training. We
report the average translational error as ter(%) and rotational error as rer(°/100m).
We also adopt the metric absolute trajectory error (ATE) on full sequence and rela-
tive pose error (RPE) in meters and degrees. For all results, we align the predicted
trajectories to the ground truth via least square optimization [260]. Our approach
performs better than all other methods over these five metrics. In Fig. [10.6|we visual-
ize the full sequence odometry trajectories of the 9™ and 10" sequences. Our results
are more aligned with the ground truth trajectories. It is worth noting that our model
are only trained on sythetic datasets while the other methods are fine-tuned on the
KITTI VO dataset and take more frames to estimate the camera poses.

MVS, Scenesll and SUN3D. The competitors use ground truth poses to train
their pose estimation module on these three datasets, while we use the ground truth
poses to fine-tune our optical flow model using Eq. (10.8). As shown in Table[10.6} our
method beats the previous state-of-the-art on all three datasets with a clear margin,
e.g., , 60.8% better in translation estimation on MVS dataset and 31.5% better in
rotation estimation on Scenesll dataset. We also verify the effectiveness of rigid
flow supervision (Eq (10.8)) in Table With fine-tuning, the translation errors
are largely suppressed, and the rotation errors are notably reduced. It is worth
noting that our model that was pretrained on synthetic datasets has already achieved
comparable performance than previous state-of-the-art deep SfM methods.

— Ground Truth - —— Ground Truth
500{ SfMLearner 125{ ----- SfMLearner
cc cc

Ours Ours
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-25
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Figure 10.6: Visual Trajectory on the KITTI VO dataset. We compare our method against
other deep learning based SfM methods on Seq.09 (Left) and Seq.10 (Right) of KITTI VO
dataset.
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Table 10.6: Pose Estimation Results on MVS, Scenes11, and SUN3D Datasets. The results
of baselines SIFT and Matlab come from [98].

MYVS Dataset Scenes11 Dataset Sun3D Dataset
Method Pose Pose Pose

Rot Tran Rot Tran Rot Tran
Base-SIFT 21.180 60.516 6.179 56.650 7.702 41.825
Base-Matlab 10.843 32.736 0.917 14.639 5.920 32.298
COLMAP [94] 7.961 23.469 4.834 10.682 4.235 15.956
DeMoN [98] 5.156 14.447 0.809 8.918 1.801 18.811
LS-Net [104] 4.653 11.221 4.653 8.210 1.521 14.347
BANet [103] 3.499 11.238 3.499 10.370 1.729 13.260
DeepSFM [107] 2.824 9.881 0.403 5.828 1.704 13.107
Ours 2.417 3.878 0.276 2.041 1.391 10.757

Table 10.7: The Effect of Optical Flow Fine-tuning. With the help of rigid flow supervision,
our fine-tuned model achieves much better camera pose result than that of the pretrained
model.

Model MVS Scenesl1 Sun3D
Rot Tran Rot Tran Rot Tran
Our-pretrain 3.637 10.984 0.587 6.617 1.670 12.905
Our-finetune 2.417 3.878 0.276 2.041 1.391 10.757

10.4.5 Framework Analysis and Justification

Estimating Camera Pose from Optical Flow. There are multiple ways to extract
camera pose from optical flow. We consider two kinds of methods: deep regression
and the classic five-point algorithm [245] with RANSAC scheme. For deep regression
methods, we build a PoseNet similar to the one in [105] with ResNet50 [185] as the
feature backbone, using image pairs and optical flow as the input. For the five-point
algorithm, we use flow matching pairs as the input. We also set a baseline by using
SIFT matches. To filter out error matches and outliers, we compare different masking
strategies, such as flow uncertainty maps (output of per-pixel softmax operation),
learned confidence maps, and SIFT feature locations.

We evaluate these methods on the MVS dataset, see Table Deep regression
methods have almost constant performance regardless of different inputs and mask-
ing strategies. Generally, methods using the classic five-point algorithm using dense
optical flow with sparse masking outperform methods that perform deep regression.
The best option is to use flow matches with masks based on SIFT feature locations.*

Dealing With Misaligned Scales. It is impossible to recover absolute scales from
two-view images alone. This scale-ambiguity problem will cause trouble if we would
like to directly use ground truth depth for supervision or through the widely used
scale-invariant loss [65, 98]. We verify the effect of the proposed scale-invariant depth
estimation module on the KITTI depth Eigen split. The baseline follows our pipeline
but without scale-invariant depth module. It simply uses £g,0,t;, loss on the estimated

4Do not confuse SIFT feature detection, which we use to obtain state-of-the-art results, with SIFT
feature matching, which performs poorly.
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Table 10.8: Estimating Camera Pose from Optical Flow. We compare different meth-
ods to estimate camera pose from optical flow on the MVS dataset. “CNN”" rep-
resents the pose regression network based on convolutional neural networks with
ground truth pose supervision. “5-point” represents the five-point algorithm with
RANSAC scheme. We also compare different flow masking strategies including flow
uncertainty, flow confidence, and SIFT feature locations.

Method Input Sparse Mask Rot Tran
CNN Color - 6.652 17.834
CNN Color + Flow - 6.437 17.216
CNN Color + Flow Uncertainty 6.528 17.107
CNN Color + Flow Confidence 6.532 17.511
CNN Color + Flow SIFT loc 6.512 17.231

5-point SIFT matches - 10.622 29.731

5-point Flow matches - 15.673 37.292

5-point Flow matches Uncertainty 4.923 12.127

5-point Flow matches Confidence 4.614 11.022

5-point Flow matches SIFT Loc 2.417 3.878

depth and the ground depth regardless their scales, which forces the network to
implicitly learn a scale.

As shown in Table our scale-invariant depth module achieves a very similar
accuracy to “Oracle Pose”, which is the upper bound of our method. Its improve-
ment over the baseline proves the effectiveness of our method. On the other hand,
the performance of the scale-invariant loss is similar to the baseline method, which
indicates that this loss cannot handle the scale problem.

Table 10.9: Dealing with Misaligned Scales. We compare different strategies to handle the
misaligned scales between the estimated depth and ground truth depth on the KITTI Eigen
split. ‘Scale Inv Matching’ indicates the scale invariant matching for plane sweeping, ‘Scale
Inv Loss” represents the scale invariant depth loss. The ‘Oracle’ means using the ground
truth for both training and inference. Using ground truth pose for training achieves a worse
result than the baseline, which verifies the scaling problem.

Strategy Abs Rel Sq Rel RMSE RMSE; ¢
Baseline 0.089 0.318 3.120 0.129
GT Pose Training 0.121 0.438 3.421 0.175
Scale Inv Loss 0.084 0.302 2.981 0.116
Scale Inv Matching 0.058 0.244 2.311 0.094
Oracle Scale 0.057 0.240 2.291 0.093
Oracle Pose 0.055 0.223 2.272 0.090

Random Dot SfM. In 1971, Bela Julesz proposes Random Dot Stereograms [163]
to analyze human depth perceptions. Without giving any monocular cues, such as
textures, semantics, shapes and etc., the only way to estimate depth will be matching
patterns from the random dot stereograms. Similarly, if a SfM network can recover
depth maps from a random dot image pairs, it will be a key evidence to prove that
such a network is based on matching to compute camera poses and depth maps.
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To this end, we create a Random Dot SfM Dataset that contains 13,090 image
pairs, 10,300 for training and 2,790 for testing. To generate the random dot image
pairs, we first interpolate the sparse LiDAR points in KITTI VO dataset using [3] to
get the dense depth maps and generate 13,090 random dot images as our reference
frames. Then we use the ground truth camera poses from the KITTI VO dataset and
the corresponding dense depth maps to generate the target frames for each random
dot images. In this case, one can only recover the camera poses and dense depth
maps through matching patterns between the random dot image pairs as there is no
semantics, object shapes and textures provided to help the SfM process.

We exam our framework on random dot SfM images where there is no semantic
content or image priors. After fine-tuning, our network can generate meaningful
dense depth maps as shown in Fig. which demonstrate that our framework is
based on matching points to recover camera poses and dense depth maps.

Ref Image GT Ours

Figure 10.7: Qualitative Result on the Random Dot SfM Dataset. Our method is able to
recover structure information from random dot image pairs, which indicates that our method
does not rely on semantic contents or image priors.

Additional Open World Qualitative Result. We implement our framework in an
autonomous driving car and test it in open world scenarios. As shown in Fig. [10.8)
our framework is able to recover visually convincing depth maps, which demon-
strates the generalization ability of our framework.

Reference Image Estimated Depth

Figure 10.8: Depth Estimation on Open World Scenarios.
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10.5 Conclusions

In this chapter, we revisited the problem of deep neural network based two-view SftM
and called for a return to the basics. First, we showed that existing deep learning-
based SfM approaches tend to solve depth estimation and pose estimation as ill-
posed problems, which overlooks the well-posedness nature of the SfM problem.
Then we proposed a new deep two-view SfM framework that follows the classic
SfM pipeline. Our framework consists of 1) an optical flow estimation module, 2)
a relative pose estimation module, and 3) a scale-invariant depth estimation mod-
ule. Extensive experiments showed that our proposed method outperforms all state-
of-the-art two-view SfM methods on KITTI depth, KITTI VO, MVS, Scenesl1, and
SUNBD datasets in both pose estimation and depth estimation with a clear margin.
In the future, we plan to extend our framework to other SfM problems such as three-
view SfM and multi-view SfM, where the loop consistency and temporal consistency
could further constrain these already well-posed problems.
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Chapter 11

Summary and Future Work

Visual 3D geometry recovery is a fundamental problem in computer vision. With
several decades of research, this topic remains an active topic. The booming devel-
opment of deep learning brings new blood into the field but many classic problems
are yet to be solved, and new challenges remain.

11.1  Summary and Contributions

This thesis has been devoted to investigating self-supervised learning in visual 3D
geometry recovery tasks. It addresses current challenges and pushes the limits of the
state-of-the-art in various tasks, including depth completion, stereo matching, single
mixture image depth estimation and optical flow. We summarize our contributions
as follows.

For depth completion task, we proposed a global geometry constraint that en-
forces the reconstructed dense depth map as a weight sum of a set of principal com-
ponents. A color-guided auto-regression model was added as a regularization term
to make the generated depth map have sharp object boundaries. This proposed
method can be efficiently solved in a closed form solution and outperforms previ-
ous traditional and deep learning based methods in various datasets. To deal with
the artifacts in recovered depth map that caused by the texture of the color image,
we leveraged the piecewise planar model for the estimated depth map and formu-
lated it as a continuous Conditional Random Field optimization problem. It can be
efficiently solved by TRW-s optimization.

For stereo matching task, we proposed a new self-supervised framework that
can automatically adjust itself to open-world scenarios without using any ground
truth labels. It targets the drawback of supervised deep methods that require a large
number of ground truth labels for training and often have limited generalization ca-
pability. By assuming color consistency between stereo pairs, we utilized the image
wrapping loss as our data term in the loss functions. Similar to traditional meth-
ods, we also use color-guided smoothness as our regularization term. In order to
leverage the temporal consistency in stereo videos, convolutional-LSTM layers are
applied in feature extraction and cost aggregation module. We extended the similar
idea to LiDAR-Stereo fusion task, where we assume parts of the LIDAR points are
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corrupted. We proposed a novel “feedback loop” to filter out the noise LiDAR points.
It is achieved by checking the consistency between LiDAR points and LiDAR-Stereo
fusion results. Moreover, we also proposed an efficient cost aggregation structure for
stereo matching network that can process a pair of 540p images at 100 FPS.

We defined an original single image depth estimation task, where the input
image is a mixture image of a stereo pair in a form of I = aI**f* 4+ (1 — «)I"8". Red-
cyan, double vision and monocular image are three mixture types and we proposed
a unified structure to deal all of them. Instead of brutal force regressing depth from
the input image, we divide the task into two sub-tasks: view recovery and depth
recovery. We first decouple the mixed image through image separation module and
then do stereo matching on the separated pairs to get the depth map. The whole
system only need original stereo pairs as supervisions and has better performance
than previous methods.

For optical flow task, we proposed three ways to enforce global epipolar con-
straint and two of them can be applied to dynamic scenes. For stationary scenes, we
tirst estimate a fundamental matrix from matching points and regularize the opti-
cal flow with the Sampson distance. For dynamic scenarios, we propose a low-rank
constraint and a union-of-subspaces constraint. They avoid explicitly computing the
fundamental matrix as well as multi-motion estimation.

For structure from motion task, we revisited the use of deep learning in two-
view SfM, proposed a new deep two-view SfM framework that avoids ill-posedness.
Our framework combines the best of deep learning and classical geometry. We also
proposed a scale-invariant depth estimation module to handle the mismatched scales
between ground truth depth and the estimated depth.

In the appendix, we propose a RGB-d semantic segmentation network as an ap-
plication of leveraging geometry information for high level computer vision tasks.

11.2 Future Work

Multi-frame Structure From Motion.

In chapter |10} we proposed a deep two-view structure from motion framework that
achieved state-of-the-art performance in term of camera pose estimation and dense
depth estimation. However, in this framework, we did not consider multi-frame
scenarios cases. How to extend the current framework to multi-frame scenarios is a
non-trivial task. The key challenge for that is to have a consistent scale in all frames
if we would like to bundle optimize multiple frames. Numerous of papers [258,
261] address the problem but none of them will work in our SfM framework due to
the plane sweep process in depth estimation module. In the plane sweep process,
it couples the matching process and depth estimation that one can only find the
matching points with a given global scale while other methods can scale the depth
independently (since they all use monocular depth estimation) to match the global
scale without considering the matching points. The Trifocal Tensor [92] may be a
direction to solve the chicken-egg problem in the deep multi-frame structure from
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motion task.

Learning Generalization in Deep Neural Networks.

Visual geometry learning is often involved in several safety-critical applications like
autonomous driving, so it is important to understand the actual behaviour of a deep
network, and gain insights into the robustness. Using adversary attacks to analyze
current deep networks is a way to test their robustness, but we could not know
why they are robust or not. In Chapter 4, Chapter 5| and Chapter [10} we tested
our networks with Random Dot image pairs to analyze the behaviour our networks.
If our method can recover correct disparity/depth maps from random dot images,
that means it does not rely on context information. Moreover, how to deal with
domain gaps is also an important research direction in deep learning. We have
proposed self-supervised learning methods to address this issue but there are still
a large performance gap between supervised methods and self-supervised methods.
This would be an interesting topic for future studies.
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Chapter 12

3D Geometry-Aware Semantic
Labeling of Outdoor Street Scenes

This chapter is concerned with the problem of how to better exploit 3D geometric in-
formation for dense semantic image labeling. Existing methods often treat the avail-
able 3D geometry information (e.g., 3D depth-map) simply as an additional image
channel besides the R-G-B colour channels, and apply the same technique for RGB
image labeling. In this chapter, we demonstrate that directly performing 3D con-
volution in the framework of a residual connected 3D voxel top-down modulation
network can lead to superior results. Specifically, we propose a 3D semantic labeling
method to label outdoor street scenes whenever a dense depth map is available. Ex-
periments on the “Synthia” and “Cityscape” datasets show our method outperforms
the state-of-the-art methods, suggesting such a simple 3D representation is effective
in incorporating 3D geometric information .

12.1  Introduction

Semantic labeling (semantic segmentation) aims to assign class labels (e.g., “cars”,
“road”, “building”, “pedestrian”) to pixels in an image. It is an important task in
computer vision and pattern recognition, which has found wide-range applications
in the areas such as autonomous driving [40], robot SLAM[263], and augmented
reality [264].

Deep Convolutional Neural Networks (CNNs) have gained tremendous success
in almost all high-level vision tasks such as image classification, object detection,
as well as semantic labeling [265][266][267]. The 2D convolution is defined in the
image coordinate, where the filter is applied in the neighborhood defined by image
pixel distance. Deep encoder-decoder (SegNet [266], dilated convolution (DeepLab-
LargeFOV [267]) have also been proposed under the same framework. The success of
these models mainly lies in their general modeling ability for complex unseen visual
scenes.

To further improve the performance, deeper and wider networks [268] have been

IThis work was originally published in [262]
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proposed, which require massive labeled data during training. Even though these
models have achieved state-of-the-art performance on various benchmarking datasets,
they do not harness the full potentials of available depth/3D clues for semantic seg-
mentation. Geometric information provides crucial and discriminative semantic cues
for colour images. Depth maps generally provide complement information to colour
images, where the 3D structure of the observed scene has been encoded naturally
[269]. Therefore, semantic labeling will benefit from the availability of depth in-
formation. For indoor scenes, Hazirbas et al. [269] proposed a deep auto-encoder
network for semantic labeling, where the encoder consists of two branches of net-
works that simultaneously extract features from colour and depth images and fuse
depth features into the colour feature maps as the network goes deeper. Furthermore,
Ma et al. [270] proposed to leverage the consistencies between multi-view semantic
labeling.

However, most existing works have focused on indoor scene labeling where the
size of the scene is limited. For outdoor street scene semantic labeling using depth
information is difficult due to the following reasons: 1) difficulty in accurate depth
acquisition for outdoor scenes; 2) large variation in scene scales; and 3) lacking of
outdoor training datasets with dense depth information.

In this chapter, we advocate the benefit of using 3D information for outdoor label-
ing, and propose a simple and efficient way to use the 3D information. Specifically,
we propose a direct way to represent RGB-D image in its natural 3D space, i.e., the
way human sense the surrounding 3D world. Given a colour image and the associ-
ated depth map (from stereo vision or from LIDAR), we transform the colour image
into 3D voxel space defined by the 3D position of each pixel, which enables subse-
quent 3D convolution to cater the 3D geometry in extracting semantic feature maps
and thus achieves 3D geometry aware semantic labeling.

To learn a geometry-aware representation, we propose a light-weight 3D Res-
TDM (Residual connected Top-Down Modulation) structure that can squeeze 3D
geometric information from depth map and own high resistance to noise and er-
rors. We have performed experiments on the SYNTHIA dataset with ground truth
depth map and the Cityscape dataset with computed disparity map. Experimental
results demonstrate that our method outperforms the state-of-the-art semantic label-
ing methods, which indicates the success of our 3D voxel representation in effectively
and efficiently encoding 3D geometric information.

The main contributions of our method can be summarized as:

1) A natural and direct 3D representation to encode RGB-D data, thus representing
the semantic cues in 3D;

2) 3D convolution to exploit the geometric constraint for semantic labeling, enabling
3D geometry aware semantic labeling;

3) A light weighted 3D res-TDM structure that can squeeze 3D geometric informa-
tion from depth map and own high resistance to noises and errors.
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12.2 Related work

Semantic labeling: Before the era of deep learning, semantic segmentation has been
widely formulated as CRF with hand-craft features and low-level vision cues. The
breakthrough in deep learning has also been brought to semantic labeling to learn the
nonlinear mapping from image to dense labeling in an end-to-end manner. The most
noticeable deep convolutional network based semantic labeling method is FCN[265],
which takes advantage of existing image classification architectures [8] [271] [185].
However, the decoder phase of FCN is relatively simple that makes it difficult to
train. SegNet[266] tackles the above weakness by using an auto-encoder structure.
Dilated convolution [267] has also been introduced to effectively enlarge the field
of view of filters to incorporate larger context without increasing the number of
parameters or the amount of computation.

RGB-D semantic labeling: Depth information has been used as an important
cue to refine semantic labeling in computer vision [272]. Zhang et al. [273] designed
hand-crafted depth features such as surface normals, height above ground and neigh-
boring smoothness and put them into a classifier. Saurabh et al. [274] geocentrically
encoded depth into disparity, height and angle as a HHA representation and pro-
posed a 2.5D proposal for object detection and semantic segmentation. Lai et al. [275]
utilizes HMP3D features in an MRF framework to label objects in 3D scenes. More
recently, Li et al. [276] fused contextual information from RGB and depth channels
by stacking convolutional layers with an LSTM layer, which memorizes both short-
and long-range spatial dependencies in an image along vertical direction. Another
LSTM-F layer has also been used to integrate contexts from different channels and
bi-directional propagation is performed to fuse vertical contexts. Hazirbas et al. [269]
proposed a simpler network with auto-encoder style, where two encoders are used
to extract features from RGB image and depth image individually and one decoder is
applied to decode RGB-D channels. Extracted depth features are fused with RGB in
every encoder layer. In these works, colour features and depth features are coupled
in a human-designed way, which may fail to exploit the strong correlation between
colour image and depth map.

3D convolution: Volumetric (i.e., spatially 3D) convolution has been successfully
used in video analysis ([277]). VoxNet [278] and 3D ShapeNet [279] are two pioneer
works in applying 3D convolution on voxelized 3D shapes. Very recently, Song et
al. [280] introduced 3D voxel representation of volumetric occupancy and simulta-
neously performed scene completion and scene parsing for indoor scenes. However,
both works only preserve 3D structure information for object recognition and dis-
card colour information in 3D convolution. Moreover, the output resolution of [280]
is only 36 x 60 x 60, which is insufficient for outdoor applications and it requires
large labeled data for network training. Multi-view strategy has also been leveraged
to exploit 3D geometry information. MVCNN [281] projects 3D point clouds onto
different image planes and converts each view image into CNN features. However,
this strategy could not be applied to outdoor semantic labeling task straightforwardly
due to the difficulty in warping small objects between different views.
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By contrast to the above works, we propose to make use of colour information
as well as 3D structural information for dense semantic labeling under an unified
framework. Our light-weight network architecture also allows us to increase the
output dimension with a reasonable scale and can be trained from scratch with only
thousands of samples.

12.3 Our Approach

Here, we describe our geometry-aware semantic labeling framework by performing
3D convolution in the framework of 3D voxel convolutional neural network. First,
by contrast to existing methods that simply treating depth map as an additional
channel besides the R-G-B channels, we represent the input RGB-D images in 3D
voxel representation, where each voxel is associated with colour. Then a top-down
module is proposed to exploit the rich 3D geometric information for outdoor scene
semantic labeling, where 3D convolution is performed to extract 3D geometry aware
features.

12.3.1 3D Representation

Given RGB-D images, existing methods either represent the generic 3D point clouds
with volumetric or multi-view representation. The volumetric representation en-
codes a 3D shape as a 3D tensor of binary or real values while the multi-view repre-
sentation encodes a 3D shape as a collection of renderings from multiple viewpoints.
However these representations are mainly designed for indoor applications and can-
not cope with outdoor scenarios for the following reasons : 1) difficulty in accurate
depth acquisition; 2) large variation in scene scales; and 3) lack of outdoor training
dataset with dense depth information. Furthermore, for a typical driving scene, the
depth ranges from 0.5 meters to infinity (i.e., the sky), which makes it impossible to
discretize depth values into a certain range. Therefore direct voxelizing in 3D space
for outdoor street scene is infeasible.

To cater the above difficulties, we propose a new and yet direct 3D voxel rep-
resentation for outdoor street scenes. Specifically, instead of resorting to the XYZ
space for 3D point clouds, we propose to combine the image coordinate and the dis-
parity directly, thus UV D space, where (U, V) index the 2D image coordinate while
D indexes the discrete disparity. At a first glance, this 3D voxel representation may
introduce severe distortion in 3D representation. Here we demonstrate that while
providing simplicity in representation, the UV D 3D voxel representation also owns
much desired geometric property as in the original XY Z space.

Theorem 1. Any order curve in the XY Z 3D space corresponds to a 3D curve with the same
order in the UV D 3D space.

Proof. Without loss of generality, we take the second order surface in 3D as an ex-
ample. A second order surface in the XYZ 3D space is defined by the following
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equation:
(X, Y;, Zi, 1A[X;, Y;, Z;,1]T =0, (12.1)

where (X, Y;, Z;) defines the 3D points on the surface and A € R*** indexes the 3D
surface. The UV D space and the XY Z space are connected via perspective projection:

x, = Mimuw)y \_ (i—w), , _ fb (12.2)

fx f y d;’
where f., fy,uo,vo are the intrinsic parameters of the camera while f,b define the
transformation from disparity d; to 3D coordinate Z;. By substituting these relations
into the 3D surface and re-organizing the equation, we have

T
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It is thus clear that a second order surface in XYZ space has been transformed to
another second order surface in UV D space. The above proof could be extended to
any order 3D surface directly. O

Therefore, we can conclude that any order parametric surfaces defined in the
XYZ space have a corresponding surface of the same order in the UV D space. In
other words, the transformation from XYZ space to UV D space is curve order pre-
serving.

12.3.2 2D convolution VS 3D convolution

State-of-the-art semantic labeling methods use deep convolutional network to learn
the nonlinear mapping from image to dense semantic labeling, where the convolu-
tion is conducted in a 2D manner. As the neighboring relation is defined on the
image plane, the 2D convolution may fail to extract feature with 3D geometry aware.
Instead, 3D convolution in the 3D voxel space could integrate the appearance cues in
3D geometry aware manner, i.e., the 3D distance has been catered in convolution.

Given a colour image, the 2D convolution is expressed as Eq The value of
an unit at position (u,v) in the i feature map is denoted as P,

— Zk: Z_l Z_: m p ”+”>, (12.4)
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where w!i" is the coefficient at the position (11, 1) of the kernel connected to the k'’
feature map. M, N are the height and width of the kernel. When the convolution
is conducted in 3D, the value of an unit at position (u,v,d) in the it" feature map
denoted as p*“ is given by

uvd Z i i i: %HZP U+”)(d+l)’ (12.5)

where d is the third dimension of the feature map and L; is the size of the 3D kernel
along the third dimension. 3D convolution can extract features from both spatial and
disparity dimensions.

In Fig. we compare 2D convolution and 3D convolution for an outdoor
street scene. As observed from the illustration, the 2D convolution extracts feature
in neighborhood defined on the image plane, which could involve points far away in
3D space. By contrast, 3D convolution in the UV D space succeeds to extract features
in a 3D geometry aware manner.

Figure 12.1: Tllustration of 2D convolution and 3D convolution for semantic labeling. The
left image demonstrates the widely used 2D convolution in extracting feature maps while the
right image illustrates the corresponding 3D convolution conducted in the 3D voxel space.
Note that the natural neighborhood relation is not preserved in the projection from 3D to 2D.

12.3.3 Network Architecture

Our goal is to assign each 3D point with a class label. A natural solution is to do
3D convolution on these point clouds. Also, since small objects such as traffic lights
and signs play equally important role in semantic labeling, we adopt the idea of
Top-Down Modulation (TDM) [282]. We not only convert it to 3D, but also modify
it to better suit for our case. Note that in our 3D representation, most voxelized 3D
labels are Os. For these points, identity mappings are optimal. Therefore we swap the
lateral connection between Bottom-up features and Top-down features with residual
connection, and let the solvers simply drive the weights of the multiple nonlinear
layers toward zero to approach identity mappings. Formally, we define a block from
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Figure 12.2: A nutshell of our 3D geometry-aware semantic labeling framework. The input
RGB-D images are converted to the 3D voxel representation. C; denotes the 3D convolution
layer that encodes geometric and contextual information, R; is residual module that connects
low level features to the top-down pathway. DC; is the 3D deconvolution layer to decode
geometric and contextual information. We achieve a 3D semantic labeling, which could be
projected to 2D for the sake of comparison.

Top-down path:
y = F(xc,, {Wi}) + xpc;, (12.6)

where y denotes the output of residual connection, xc, is the output from the i-th
convolution layer and xpc, is output from the i-th deconvolution layer. The function
F(x,{W;}) is the residual mapping to learn. + represents element-wise addition.
Thus the dimensions of xg, and xpc, must be equal as in Eq.

In Fig. we present a nutshell of our overall architecture of the proposed
network. Given a colour image and its corresponding disparity map, we first rep-
resent the RGB-D in the 3D UV D space as defined in Section 3.1. In the Bottom-up
phase, the 3D volume (H x W x (D + 1) x Ch) passes through a series of 3D convolu-
tional layers (C;) with the same kernel size 3 x 3 x 3 and a stride 2 until achieving an
encoded feature volume with dimension (1/16)H x (1/16)W x (1/16)(D + 1) x F,
where H,W, D, Ch, F represent the height, width, disparity levels, and number of
channels and features respectively. In the Top-down phase, a mirrored process scales
up the encoded feature volume back to the original size by swapping the 3D convo-
lution with 3D deconvolution. For each scale, we apply our Res-TDM with a residual
module R;. Each R; consists of two 3D convolution layers with the same kernel size
3 x 3 x 3 and stride 1.

We employ the cross-entropy loss given by Eq. as our loss function for
training the network.

1
L(w) = NI [ynlog §n + (1 — yu)log(1 — Fu)] (12.7)

where 7, = ¢(wx,) with logistic function g(z). w is the vector of weights and each
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sample is labeled by n = 0,1,2,..., N — 1. Note that there is a large variation in the
number of pixels for each class. Despite of the imbalance distribution of valid labels,
we only have 1/D valid labels in total. In other words, if the network predict all
zeros, it can still achieve a training accuracy higher than 95%. In order to avoid our
network drop to this local minimum, we apply a residual module R directly from
the input that impose the network only to learn parameters around the areas with
non-zero input.

Training our end-to-end pixel-wise semantic labeling network is very straight-
forward, which can be trained under the supervision of ground-truth semantic la-
bels. Supervision is applied on the volumized 3D predictions and labels. All void
3D points (e.g., points before an object or behind an object) cannot be ignored and
should be also given a void label 0. In the prediction phase, we perform max pooling
along the disparity dimension to convert the 3D volume back to a 2D image and cal-
culate the errors. This strategy can crease the robustness when dealing with noises
and errors on disparity maps. For example, there is no guarantee that our network
will predict the right label at the exact disparity level. When the disparity map is
noisy, points with the same labels may have very different disparity levels. In this
case, the network may predict the right label on the similar disparity level rather than
the noise one.

12.4 Evaluation

In this section, we evaluate our proposed method with a comparison to alternative
approaches and present an ablation study to better understand the proposed frame-
work. Our method is evaluated on both synthetic and real datasets.

12.4.1 Dataset

For synthetic data, we use the SYNTHetic Collection of Imagery and Annotations
(SYNTHIA) dataset [146], which contains 3 subsets: synthia-rand-cvprl6, synthia-
rand-cityscapes and synthia-video-sequence. We choose the synthia-rand-cityscapes
subset for experiments. It consists of 23 classes and a total of 9400 frames of outdoor
scene with different weather and lighting conditions as well as randomly generated
viewing angles. Since the dataset does not provide training and testing split, we ran-
domly select 6000 frames for training, 1900 frames for validation and the remaining
1500 frames for testing. We manually convert the given ground truth depth maps
to scaled inverse depth map in the range of [0,191] and resize the input image to
80 x 128.

For real data experiment, we use the Cityscape dataset [283], which contains
5,000 stereo frames of fine annotated ground truth semantic labels. We choose 2975
frames for training and use 500 frames for testing. In experiments, we compute the
disparity map by using state-of-the-art stereo matching method, which is truncated
to the range [0, 111]. The input images are resized to the resolution of 256 x 512.
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Data augmentation We employ the mirror manipulation to augment the training
examples for both datasets, since it maintains the geometry relationships.

12.4.2 Optimization

The proposed network architecture was implemented with Tensorflow [216]. We
employed the RMSProp [217] with a constant learning rate of 1 x 1072 to optimize
all models in end-to-end manner. For the “Synthia” dataset, we normalized input
images” RGB values to [—1,1] and trained our network from a random initialization
for 50 epochs, which took 50 hours to converge by using a single NVIDIA Pascal
Titan-X GPU and 1 second per frame in testing phase. However, the testing global
accuracy climbs up to over 80% within one epoch. For the Cityscape dataset, we
trained our network (S3D) with colour input for 30 epochs. In order to fit the 12G
memory, we reduce the number of disparity levels to 48. We also trained our S3D
network with feature input. The features were extracted from Resnet-38[268] with
the same input dimension. The input feature dimension of our network is 32 x 64 x
512. We added 3 extra upsampling layers in order to match the output resolution.
The network converged quickly within 14 epochs. Note we did not use any post-
processing to refine the results.

12.4.3 Evaluation metric

We measure the semantic labeling performance of our network with three metrics.

Denote the total number of classes as k, p;; as the amount of pixels belonging to

class i which are predicted to be class j, the Global accuracy G = ZZ’T"”’; mea-
i Lij Pij

sures the percentage of pixels correctly classified in the dataset. The Class Aver-

age Accuracy C = ﬁ Y Z;; ’;U normalizes the accuracy over the classes, therefore

all classes share the same weight under this metric. Mean intersection over union
_ 1 ] Dii . . . .

mlol = 5 ). VTS yr R used in the Cityscapes benchmark [283]. It is a more

strict metric than class average accuracy since it penalizes false positive predictions.

12.4.4 Experimental results

Results on Synthia. In Table we quantitatively compare our method (S3D)
with state-of-the-art RGB semantic segmentation approach “SegNet” [266] and RGB-
D based approach “FuseNet” [269]. For SegNet and FuseNet, we use the same input
size and initialize the network parameters from the VGG model pre-trained on Im-
ageNet. We train SegNet for 790 epochs and 230 epochs for FuseNet. For FuseNet,
we use the same scaled inverse depth maps to train our network. Our method sig-
nificantly outperforms competing methods with a notable margin under all three
metrics: 18.6% on class average accuracy, 7.6% on global accuracy and 17.8% on
mloU. Note that there are 4 classes never show up in testing set, so we remove them
from the table and during the error calculation. In Fig. we present qualitative
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(b) Disparity  (c) Ground truth (d) Our method (e) FuseNet (f) SegNet

(a) colour image

Figure 12.3: Quality comparison on the SYNTHIA dataset We select images with different
lighting and weather conditions as well as different viewing angles. Our method (d) shows
superior performance, particularly it generates sharp boundaries for small objects. FuseNet
(e) and SegNet (f) achieve similar performance but with the help of disparity map, FuseNet
(e) captures more small objects such as pedestrians and poles.

comparison between our method and state-of-the-art methods on the Synthia dataset,
which clearly demonstrates the superior performance of our method.

Table 12.1: Performance evaluation on the SYNTHIA dataset
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Results on Cityscapes. Quantitative comparison with state-of-the-art semantic
labeling methods on the Cityscapes dataset is shown in Table [12.2l The weight of
FuseNet and SegNet are initialized from the VGG model trained on ImageNet. We
also compare our method with the top performing one on the Cityscapes bench-
mark: ResNet-38[268]. Given RGB-D pair as input, we achieve similar performance
with FuseNet. However, by swapping RGB image with trained features, our method
outperforms all competing methods with a margin 1.2%, 0.6%, 1.0% for class av-
erage accuracy, global accuracy and mloU respectively. The margin is not as clear
as previous one is due to the noise and errors in the disparity map. However, our
algorithm still successfully squeezed useful information from it and increased the
performance. Advanced disparity recovery algorithm [14] should lead to better per-
formance. In Fig. we present qualitative comparison between our framework
and state-of-the-art methods on the Cityscapes dataset, which proves the superiority
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of our method.

(¢) Ground truth (d) Our method (e) FuseNet (f) SegNet

(a) colour image  (b) Disparity

Figure 12.4: Qualitative evaluation on the Cityscapes dataset. Our method with feature
and disparity inputs (d) clearly outperforms the competing methods. The shape of pedestri-
ans and poles are well preserved in our predictions. We shall see that FuseNet is effected by
the noisy disparity map that has worse performance than SegNet. Note the invalid label is

coloured with black.

Table 12.2: Performance evaluation on Cityscapes validation set
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Ablation study To better understand the effectiveness of our 3D voxel represen-
tation, we perform ablation analysis and present the results in Table S2D is the
2D version of our algorithm that replaces all 3D convolutions with 2D ones, where
we stack the RGB image and disparity map into 4 channel input and plug into the
S2D. S3D (Depth only) is the one with colourless “point clouds” which only provides
shape information. According to this study, 3D voxel representation significantly im-

proves the performance by 20.9% in mIoU.

Table 12.3: Ablation study on the SYNTHIA dataset

T3]
- (=1 .
=] ) 4 B}
50 = 5 2 E E 5 -§° E %" %O
£ = -] 3 E ) 9 2 5 g g —
5 g H g 3 ° ] 2 9 g 5 & 5 — 3 2 8 =)
2 = § % § ® £ 2 § F L g & F T 2 E g |5 = 2
Method ] 2 % ® & ¥ & O & & & = %z & &2 & = S|OUT © g
S2D(RGB-d) | 980 920 626 822 416 809 334 686 25 669 03 89 602 09 16 370 00 16.6 419 779 336
S3D(d only) | 100.0 98.2 914 917 595 92.6 525 838 03 808 126 28 464 07 259 760 380 0.1 |529 899 470
S3D(RGB-d) | 974 971 91.8 912 59.6 907 478 87.6 155 729 13,5 364 7224 31.7 32.6 833 582 421|623 90.2 545




180 3D Geometry-Aware Semantic Labeling of Outdoor Street Scenes

12.5 Conclusion

In this chapter, we have proposed a 3D voxel representation to integrate both appear-
ance and depth information and a corresponding light-weight 3D Res-TDM network
architecture for 3D geometry aware semantic segmentation. Our method provides
an efficient and effective way to use geometric information to achieve better seman-
tic labeling. Experiments on the “Synthia” and “Cityscape” datasets demonstrate
that direct 3D convolution with our light-weight Res-TDM network can lead to su-
perior performance, suggesting that such a simple 3D representation with Res-TDM
is effective in incorporating 3D geometric information.
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