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A B S T R A C T

Visual scene understanding is one of the most important components of au-
tonomous navigation. It includes multiple computer vision tasks such as rec-

ognizing objects, perceiving their 3D structure, and analyzing their motion, all of
which have gone through remarkable progress over the recent years. However, most
of the earlier studies have explored these components individually, and thus potential
benefits from exploiting the relationship between them have been overlooked. In this
dissertation, we explore what kind of relationship the tasks can present, along with
the potential benefits that could be discovered from jointly formulating multiple tasks.
The joint formulation allows each task to exploit the other task as an additional input
cue and eventually improves the accuracy of the joint tasks.

We first present the joint estimation of semantic segmentation and optical flow.
Though not directly related, the tasks provide an important cue to each other in the
temporal domain. Semantic information can provide information on plausible physi-
cal motion of its associated pixels, and accurate pixel-level temporal correspondences
enhance the temporal consistency of semantic segmentation. We demonstrate that the
joint formulation improves the accuracy of both tasks.

Second, we investigate the mutual relationship between optical flow and occlusion
estimation. Unlike most previous methods considering occlusions as outliers, we
highlight the importance of jointly reasoning the two tasks in the optimization. Specif-
ically through utilizing forward-backward consistency and occlusion-disocclusion
symmetry in the energy, we demonstrate that the joint formulation brings substantial
performance benefits for both tasks on standard benchmarks.

We further demonstrate that optical flow and occlusion can exploit their mutual
relationship in Convolutional Neural Network as well. We propose to iteratively
and residually refine the estimates using a single weight-shared network, which
substantially improves the accuracy without adding network parameters or even
reducing them depending on the backbone networks.

Next, we propose a joint depth and 3D scene flow estimation from only two
temporally consecutive monocular images. We solve this ill-posed problem by taking
an inverse problem view. We design a single Convolutional Neural Network that
simultaneously estimates depth and 3D motion from a classical optical flow cost
volume. With self-supervised learning, we leverage unlabeled data for training,
without concerns about the shortage of 3D annotation for direct supervision.

Finally, we conclude by summarizing the contributions and discussing future
perspectives that can resolve current challenges our approaches have.
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Z U S A M M E N FA S S U N G

Das visuelle Szenenverständnis ist eine der wichtigsten Komponenten der auto-
nomen Navigation. Es umfasst mehrere Computer-Vision-Aufgaben wie das

Erkennen von Objekten, das Wahrnehmen ihrer 3D-Struktur und die Analyse ihrer
Bewegung, die in den letzten Jahren alle bemerkenswerte Fortschritte gemacht haben.
In den meisten früheren Studien wurden diese Aufgaben jedoch einzeln untersucht,
und daher wurden potenzielle Vorteile aus der Nutzung der Beziehung zwischen ih-
nen übersehen. In dieser Dissertation untersuchen wir, welche Aufgaben miteinander
in Verbindung stehen und welche potenziellen Vorteile sich aus der gemeinsamen
Formulierung mehrerer Aufgaben ergeben könnten. Die gemeinsame Formulierung
ermöglicht es jeder Aufgabe, die andere Aufgabe als zusätzlichen Eingabehinweis zu
nutzen und verbessert schließlich die Genauigkeit der gemeinsamen Aufgaben.

Wir präsentieren zunächst die gemeinsame Schätzung von semantischer Segmen-
tierung und optischem Fluss. Obwohl diese Probleme nicht direkt miteinander ver-
bunden sind, geben die Aufgaben im zeitlichen Bereich einen wichtigen Hinweis
aufeinander. Semantische Informationen können ihren zugeordneten Pixeln Infor-
mationen über eine plausible physikalische Bewegung bieten, und genaue zeitliche
Korrespondenzen auf Pixelebene verbessern die zeitliche Konsistenz der semantischen
Segmentierung. Wir zeigen, dass die gemeinsame Formulierung die Genauigkeit bei-
der Aufgaben verbessert.

Zweitens untersuchen wir die gegenseitige Beziehung zwischen optischem Fluss
und Okklusionsschätzung. Im Gegensatz zu den meisten früheren Methoden, die
Okklusionen als Ausreißer betrachten, betonen wir die Wichtigkeit der gemeinsa-
men Schätzung der beiden Aufgaben bei der Optimierung. Insbesondere durch die
Verwendung von Vorwärts-Rückwärts-Konsistenz und Okklusions-Disokklusions-
Symmetrie in der Energie zeigen wir, dass die gemeinsame Formulierung erhebliche
Leistungsvorteile für beide Aufgaben bei Standard-Benchmarks bringt.

Wir zeigen weiter, dass sich optischer Fluss und Okklusion auch in Convolutional
Neural Networks gegenseitig ausnutzen können. Wir schlagen vor, die Schätzungen
iterativ und schrittweise zu verfeinern, indem ein Netzwerk mit gemeinsamen Ge-
wichtsparameter verwendet wird, was die Genauigkeit erheblich verbessert, ohne
Netzwerkparameter hinzuzufügen oder diese sogar zu reduzieren, je nach Netz-
werkarchitektur.

Dann schlagen wir eine gemeinsame Tiefen- und 3D-Szenenflussschätzung aus
nur zwei zeitlich aufeinanderfolgenden monokularen Bildern vor. Wir lösen dieses
unterbestimmte Problem durch eine inverse Problemsicht. Wir entwerfen ein einzelnes
Convolutional Neural Network, das gleichzeitig Tiefe und 3D-Bewegung aus einem
klassischen optischen Flusskostenvolumen schätzt. Beim selbstüberwachten Lernen
nutzen wir Daten ohne Annotationen für das Training, ohne Bedenken hinsichtlich
des Fehlens von 3D-Annotationen für die direkte Überwachung.
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Abschließend fassen wir die Beiträge zusammen und diskutieren Zukunftsperspek-
tiven, die aktuelle Herausforderungen unserer Methoden lösen können.
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1
I N T R O D U C T I O N

contents

1.1 Problem Statement 1
1.1.1 Motion estimation 3
1.1.2 Depth estimation 3
1.1.3 Semantic segmentation 4

1.2 Motivation toward Joint Estimation 4
1.3 Contributions and Outline 7

1.3.1 Contributions 7
1.3.2 Outline 8

Along with growing needs and expectations for autonomous navigation, there
have been continuing efforts on researching computer vision for 3D visual

scene understanding. For safe and successful autonomous navigation, an intelligent
system needs to holistically understand the scene, and corresponding computer
vision research includes (i) surrounding environment recognition, (ii) 3D structure
perception, and (iii) motion analysis. Over the recent years, public benchmark datasets
have shown remarkable progress on solving these computer vision tasks. However,
previous work has primarily treated these tasks individually and thus, potential
benefits that can be exploited from their joint formulation remain unexplored. In
this dissertation, we aim to demonstrate that a joint formulation can help each
task leverage the other and resolve ambiguities that single task formulations cannot
address efficiently. We first provide a brief introduction of major tasks for 3D visual
scene understanding in Section 1.1. Then, we highlight the importance and motivation
toward the joint estimation in Section 1.2. Finally, Section 1.3 summarizes the main
contributions and gives brief outline of the dissertation.

1.1 problem statement

Humans primarily rely on their visual perception intelligence when navigating the
3D world. With electrical signals sent from the eyes and processed in the visual cortex,
humans understand the surrounding environment and interact accordingly. Likewise
for autonomous navigation systems, computer vision plays a crucial role in their

1
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(a) Input images

(b) Semantic segmentation (c) Depth estimation (d) Motion estimation

Figure 1.1: For autonomous navigation, an intelligent system needs to holistically understand
the scene by (a) recognizing objects, (b) perceiving their 3D structure, and (c)
analyzing their motion as well.

visual perception intelligence. From input images captured by an on-board camera, a
computer vision system processes the images and provides visual cues of the scene,
which then can be utilized for a high-level decision-making process, such as path
planning, potential hazard avoidance, or even future prediction.

Building a computer vision system for autonomous navigation remains challenging,
coupled with a variety of computer vision problems. To achieve a comprehensive
scene understanding, the system needs to solve a series of computer vision prob-
lems: it needs to recognize objects existing in the scene (e. g., semantic segmentation,
cf . Fig. 1.1b), perceive their 3D structure (e. g., depth estimation, cf . Fig. 1.1c), and
analyze the motion of each entity in the scene (e. g., motion estimation, cf . Fig. 1.1d).
Here, we briefly discuss each topic along with its corresponding challenges that lead
toward the main motivation of this dissertation.

Sensor modality. To solve such tasks, different types of data could be utilized, such as
monocular, stereo or RGB-D images, or 3D point data. For real-world applications, data
with depth cues are generally favored because the given depth cues provide geometric
information of the scene and thus can improve the accuracy of perception tasks. In
this dissertation, however, we only consider two temporally consecutive monocular
frames from a monocular camera as an input. Despite a potential disadvantage in
accuracy, the monocular camera demonstrates several advantages comparing to other
sensor modalities: it is more economical (vs. LiDAR), is applicable to both indoor and
outdoor usage (vs. RGB-D), and doesn’t require sensor calibration (vs. stereo camera).
Thus, our approach can be practical but also applicable to more general application
domains such as web videos or mobile devices with a monocular camera, unlike
methods using other sensor modalities. We demonstrate our contributions on this
simple yet very challenging setup, and consider extensions to a multi-frame setup
or a usage of additional inputs (e. g. depth cues) as future work. Yet, we don’t really
overlook the advantage of other sensor modalities. In Chapter 6, we also demonstrate
using stereo images for helpful learning signals at training time, while we use a
monocular camera and keep its main benefits at test time.



1.1 problem statement 3

1.1.1 Motion estimation

Motion information (cf . Fig. 1.1d) is one of the most important cues for visual scene
understanding in the temporal domain. Knowing where objects that are present in
the scene move, an intelligent system is able to analyze and even help predict their
future trajectories in the scene. Depending on the spatial coordinate, the task can be
defined as 2D optical flow estimation, that is motion in image coordinates, or 3D
scene flow estimation in 3D world coordinates.

Optical flow. According to Horn and Schunck (1981), optical flow is the apparent
motion of brightness patterns between two temporally consecutive images. As one
of the most studied topics in computer vision, the extent of our understanding
has remarkably progressed for the past few decades. Yet, ongoing release of public
benchmark datasets (Baker et al., 2011; Butler et al., 2012; Menze et al., 2015b; 2018)
has kept uncovering more challenges and limitations that existing methods encounter.

Such challenges mainly come from where matching ambiguity exists. Complex
large motion, illumination changes, or textureless areas make it difficult to find the
matched brightness pattern without any types of spatial regularization, such as local
smoothness or a motion prior. Also, occlusion that occurs due to moving objects or
camera ego-motion makes the problem more challenging because its correspondence
doesn’t exist. From the perspective of how humans perceive, the matching ambiguity
can be effectively resolved by exploiting geometric or semantic cues (e. g., rigid motion
representation or motion estimation in an object instance level), yet those aspects
remain relatively underexplored.

Scene flow. Scene flow estimation is the task of obtaining 3D structure and 3D
motion of dynamic scenes (Vedula et al., 1999; 2005). It has been receiving increasing
attention for real-world applications, such as autonomous driving, robotics, and
virtual/augmented reality, where 3D information is critical.

Consequently, many scene flow approaches have been proposed recently, based
on different types of input data such as stereo images (Huguet and Devernay, 2007;
Schuster et al., 2018b; Vogel et al., 2013b; Wedel et al., 2011; Zhang and Kambhamettu,
2001), 3D point clouds (Gu et al., 2019; Liu et al., 2019d), or a sequence of RGB-D
images (Hadfield and Bowden, 2011; Hornáček et al., 2014; Lv et al., 2018; Qiao et al.,
2018; Quiroga et al., 2014; Thakur and Mukherjee, 2018). Regardless of the type, the
same technical challenges persist as with optical flow estimation (e. g., occlusion,
large displacement, and matching ambiguity) as they share a similar objective, i. e., a
correspondence matching task.

1.1.2 Depth estimation

Depth cues (cf . Fig. 1.1c) provide not only a 3D measurement but also a geometrical
view of the scene, benefiting many real-world computer vision tasks, such as 3D
reconstruction (Izadi et al., 2011), 3D object detection (Song and Xiao, 2014), segmen-
tation (Gupta et al., 2014), etc. Depending on the type of sensing device, obtaining
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depth cues comes with only minimal processing cost (e. g., LiDAR, RADAR, or RGB-D
cameras) or requires to solve a correspondence problem between two stereo images.

On the one hand, using a monocular camera for depth estimation, which is our
main interest, has received increasing attention, due to its economical sensor setup
and applicability to where only monocular images are available. Despite of its ill-
posed property such as depth and scale ambiguity, studies have introduced various
types of approaches, such as (i) a direct supervision to learn scene prior knowledge
(Eigen et al., 2014), (ii) relative depth estimation from either motion parallax (Rogers
and Graham, 1979) or epipolar motion (Ranjan et al., 2019; Yin and Shi, 2018; Zhou
et al., 2017), or (iii) self-supervision from stereo image pairs (Godard et al., 2017).
Yet, the main challenges persist, including low accuracy (Zhou et al., 2017), poor
generalization to unknown scenes (Laina et al., 2016), and inaccurate depth estimates
on moving objects (Ranjan et al., 2019; Yin and Shi, 2018).

1.1.3 Semantic segmentation

Semantic segmentation (cf . Fig. 1.1b) classifies each pixel of an image into one of the
pre-defined object class labels. Such dense per-pixel object information enables a con-
textual scene understanding. In the context of autonomous driving, an autonomous
car should recognize what objects are present around it to properly understand the
circumstances and make a corresponding decision, for example, which way to drive
or how to behave in a specific situation.

To correctly identify the semantic class of each pixel, one needs to robustly han-
dle both photometric and geometric variation (e. g., scale, view, shape) of objects
belonging to the same class. Over the recent decade, semantic segmentation has gone
through remarkable advances in technology and accuracy, attributable to evolving
Convolutional Neural Networks (CNNs) and large-scale annotated datasets (Cordts
et al., 2016; Neuhold et al., 2017) as well as synthetic datasets (Richter et al., 2017;
2016). Yet, challenges remain, such as (i) the dependence on annotated data, (ii) thus,
a lack of generalization to different domains, and (iii) missing connections to other
problem domains (e. g., optical flow or depth estimation) for a higher level of scene
understanding. All of these challenges warrant further investigation.

1.2 motivation toward joint estimation

Active research and recent advances in deep learning have driven substantial progress
on each task addressed above (i. e., motion estimation, depth estimation, and semantic
segmentation). Fig. 1.2 shows the state-of-the-art accuracy of each task in public
benchmark datasets (Baker et al., 2011; Butler et al., 2012; Cordts et al., 2016; Eigen
et al., 2014; Menze et al., 2015b; 2018) over the recent years. The accuracy improvement
has been mainly achieved by:

• Novel CNN architectures and representations, such as pyramid-based architec-
tures (Yin et al., 2019; Zhao et al., 2017), 3D convolutions (Guizilini et al., 2020),
and 4D cost volumes (Teed and Deng, 2020; Xu et al., 2017).
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(a) Semantic segmentation accuracy
on Cityscapes (Cordts et al., 2016).
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(b) Monocular depth accuracy
on KITTI Eigen split (Eigen et al., 2014).
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(c) Optical flow accuracy
on Sintel (Butler et al., 2012)

2017 2018 2019 2020 2021
Year

0

0.05

0.1

0.15

0.2

Ab
so

lu
te

 re
la

tiv
e 

er
ro

r
2015 2016 2017 2018 2019 2020 2021

Year

0

5

10

15

20

25

30

O
ut

lie
r r

at
e 

(%
)

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
Year

0

2

4

6

8

10

En
d-

Po
in

t E
rro

r

2015 2016 2017 2018 2019 2020 2021
Year

60

70

80

90

100

Io
U

 C
la

ss

Bai et al. (2016)

Hur and Roth (2017)

Yin et al. (2019)

Teed and Deng (2020)

(d) Optical flow accuracy
on KITTI (Menze et al., 2015b)

Figure 1.2: State-of-the-art accuracy on public benchmark datasets over recent years: (a)
Semantic segmentation accuracy on the Cityscapes dataset (Cordts et al., 2016),
(b) monocular depth accuracy on the KITTI Eigen split (Eigen et al., 2014), and (c)
optical flow accuracy on Sintel (Butler et al., 2012) and (d) on KITTI (Menze et al.,
2015b).

• Better (proxy) loss functions (Godard et al., 2019; Jonschkowski et al., 2020) for
(self-)supervised learning.

• Better training strategies, such as piecewise training (Lin et al., 2016), leveraging
unlabeled data (Chen et al., 2020), augmentation schemes (Bar-Haim and Wolf,
2020), and learning rate schedules (Sun et al., 2020).

However, most of the existing methods have primarily focused on improving an
individual task only; the mutual connections between the tasks remain underin-
vestigated. Though these tasks may not be closely related on a first glance, a joint
formulation of the tasks can help them benefit each other and resolve ambiguities that
cannot be solved with a single task formulation. For example, semantic segmentation
can provide motion estimation with prior knowledge of physically plausible motion
depending on object types. Temporal correspondence between two consecutive frames
with a moving camera can resolve the depth ambiguity by exploiting motion parallax
when estimating depth with a monocular camera. Also, depth or motion cues can
improve semantic segmentation accuracy via encouraging spatially or temporally
consistent estimation.

We, humans, do not always solve those perception tasks individually but rather
try to understand a scene holistically from a mixture of low- and high-level visual
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cues. This can resolve existing visual ambiguity by connecting different objects and
surroundings (cf ., Gestalt psychology (Ellis, 1938)). A performance improvement of a
single task is important to achieve a technical advance; however more importantly,
with a joint estimation approach, tasks can benefit from each other, which can
ultimately help enrich a holistic scene understanding.

In this dissertation, we investigate the mutual dependencies between each task
mentioned above and joint formulations that each task can leverage the other. In
each chapter, we define each joint estimation case and propose the corresponding
technical contributions. This joint formulation is case-specific, depending on the type
of the relationship between tasks (e. g., highly to weakly related or being a subtask of
another task). We explore which technical design of their mutual dependency can
bring benefits in each case. We also demonstrate these benefits in both traditional
energy-based models and recent CNN-based models.

Earlier studies (Bai et al., 2016; Bailer et al., 2015; Gadde et al., 2017; Nilsson
and Sminchisescu, 2018; Sevilla-Lara et al., 2016; Yang and Ramanan, 2020) have
demonstrated using the output from one task to supplement the other and focused
on a main task only (more discussion and literature reviews follow in Section 2.3). Yet,
these off-the-shelf methods are not accurate enough, so they can eventually limit the
accuracy of the main task. To address this limitation, we design a joint formulation of
these tasks, which yields mutual benefits and improves the accuracy on both tasks,
compared with an individual task formulation.

Fig. 1.3 illustrates the three joint estimation cases, an overarching aim of this disser-
tation. Having two temporally consecutive frames as input and motion estimation as
a common denominator, we define the joint objectives in the temporal domain.

(a) We first explore the joint estimation between semantic segmentation and optical
flow. Each task provides an important cue to the other when two temporally consecu-
tive frames are available. The semantic cue can help resolve matching ambiguity for
optical flow estimation under the following conditions: (i) the matching correspon-
dence should satisfy the same semantic class and (ii) static objects should follow the
epipolar motion caused by camera ego-motion. Also, temporal correspondence from
optical flow can encourage temporally consistent semantic segmentation. Joint esti-
mation of optical flow and lower-level segmentation, via such as perceptual grouping
from visual appearance and proximity, can also be an interesting formulation that
strongly benefits both subjects. However, in this dissertation, we primarily focus on
the connection of both tasks through high-level semantic knowledge.

(b) We then investigate a close relationship between optical flow and occlusion
estimation. The interaction of both tasks is well established: temporal motion induces
occlusion, and the occlusion is as an outlier for the matching problem. Thus, a more
accurate estimate of one task can help the other and circle back. We demonstrate how
the two tasks can mutually benefit each other in both traditional energy-based models
and recent CNN-based models.

(c) Lastly, we look into the joint depth and 3D motion estimation, which is basically
3D scene flow estimation in a monocular setting. Estimation of 3D scene flow in a
monocular setting is a highly ill-posed setup, where both scale and depth ambiguity
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Two Temporally Consecutive Input Images

Optical Flow

Semantic Segmentation Occlusion

DepthScene Flow

(a) Joint Optical Flow and
Semantic Segmentation
(Chapter 3)

(b) Joint Optical Flow
and Occlusion
(Chapters 4 and 5)

(c) Monocular Scene Flow (Chapter 6)

Figure 1.3: Overview of our joint objectives: In each chapter we present the following joint
objectives, (a) joint optical flow and semantic segmentation, (b) joint optical flow
and occlusion estimation, and (c) monocular scene flow.

exist. Exploiting CNNs, we demonstrate a monocular scene flow solution that can
additionally output depth and optical flow as subtasks.

1.3 contributions and outline

Here, we summarize the contributions of this dissertation along with a brief outline.

1.3.1 Contributions

Bridging optical flow and semantic segmentation. We present a joint optical flow and
semantic segmentation approach in Chapter 3. We first introduce an accurate piece-
wise parametric optical flow formulation, which itself already outperforms previous
work. Then we additionally apply the epipolar constraint for pixels that should be
consistent with the camera ego-motion, as inferred by the semantic information.
Also, we show that accurately estimated flow helps enforce temporal consistency on
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the semantic segmentation. We successfully demonstrate that our joint formulation
improves the accuracy of both tasks.

Joint optical flow and occlusion estimation. In Chapter 4, we address the mutual
dependency between optical flow and occlusion map estimation and propose a joint
energy formulation and optimization method. We exploit the two key symmetry
properties of the optical flow field and occlusion map within the two consecutive
images: forward-backward flow consistency and occlusion-disocclusion symmetry,
which especially yields significant accuracy gains. We demonstrate how this joint,
symmetric treatment combined with a piecewise rigid formulation allows optical flow
estimation without post-processing.

We further explore this joint estimation of optical flow and occlusion using CNNs
in Chapter 5. We propose an Iterative Residual Refinement (IRR) scheme that takes
the output from a previous iteration as input and iteratively refines it, simply using a
single network block with shared weights. We show that the weight-sharing design
can significantly increase the accuracy without additional parameters, or even with
fewer of them, depending on the backbone network. As in traditional energy-based
formulation, we demonstrate that bi-directional optical flow and joint estimation with
occlusion further improves the accuracy for both tasks.

Joint depth and 3D motion estimation. We propose joint depth and 3D scene flow
estimation in a monocular camera setup in Chapter 6. We solve this ill-posed problem
by taking an inverse problem view; we estimate scene flow in the monocular setting by
decomposing a classical optical flow cost volume into scene flow and depth, using a
CNN with a single joint decoder. We demonstrate that such approach indeed simplifies
existing joint depth and flow estimation methods by yielding competitive accuracy,
even with a simpler network. We train the networks in a self-supervised manner by
introducing a self-supervised loss function as well as a suitable data augmentation,
which resolves the issues related to the lack of 3D data annotation for training.

1.3.2 Outline

• In Chapter 2, we first start with introducing the background and related works.
The literature review of optical flow in this chapter was published previously
as Hur and Roth (2020a).

• Chapter 3 presents a joint optical flow and semantic segmentation approach,
which was previously published as Hur and Roth (2016).

• Then in Chapter 4, we propose a joint energy formulation for optical flow and
occlusion estimation, which exploits the symmetry between them. This technical
part was published previously as Hur and Roth (2017).

• We further demonstrate a joint estimation of optical flow and occlusion using
CNNs, in Chapter 5. This work was previously published as Hur and Roth (2019).
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• Chapter 6 proposes a monocular scene flow estimation that jointly estimates
depth and 3D scene flow in a monocular camera setup. This technical part was
previously published as Hur and Roth (2020b).

• Lastly in Chapter 7, we conclude with a summary of our contributions and
discussion on future challenges.
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As briefly discussed in Chapter 1, we define our joint objectives in the temporal
domain: jointly estimating motion with occlusion, depth, or semantic segmentation,
where motion estimation serves as a basis for all joint objectives. Therefore, we first
review the background on motion estimation: optical flow in Section 2.1, and scene
flow in Section 2.2 respectively. Then, we review each of the individual objectives
(i. e., occlusion estimation, semantic segmentation, and depth estimation) along with
the joint estimation with motion in Section 2.3.

2.1 optical flow

Influenced by the variational approach of Horn and Schunck (1981), earlier literature
on optical flow estimation had been dominated by classical energy-based models,
which formulate optical flow estimation as an energy minimization problem. Af-
terwards, as the practical benefits of CNNs over conventional methods have become
apparent in numerous areas of computer vision and beyond, they have also seen
increased adoption in the context of motion estimation to the point where the current
state of the art in terms of accuracy is set by CNN approaches. In this section, we
review both the classical energy-based models (in Section 2.1.1) and the current state
of CNNs for optical flow estimation (in Section 2.1.2), in addition to how the transition
happened in-between. Also we provide an overview of optical flow approaches based

11
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on unsupervised or self-supervised learning (in Section 2.1.3), which tries to overcome
the training data dependency issue that supervised learning based methods exhibit.

2.1.1 Classical energy-based approaches

Variational approach. For more than three decades, research on optical flow estima-
tion has been heavily influenced by the variational approach of Horn and Schunck
(1981). Their basic energy minimization formulation consists of a data term, which
encourages brightness constancy between temporally corresponding pixels, and a
spatial smoothness term, which regularizes neighboring pixels to have similar motion
in order to overcome the aperture problem. The spatially continuous optical flow field
u = (ux, uy) is obtained by minimizing

E(u) =
Z ⇣

(Ixux + Iyuy + It)
2 + a2�kruxk2 + kruyk2�

⌘
dx dy, (2.1)

where Ix, Iy, It are the partial derivatives of the image intensity I with respect to
x, y, and t. To minimize Eq. (2.1) in practice, spatial discretization is necessary. In
such a spatially discrete form, the Horn and Schunck model (Horn and Schunck,
1981) can also be re-written in the framework of standard pairwise Markov Random
Fields (MRFs) (Boykov et al., 1998; Li, 1994) through a combination of a unary data
term D(·) and a pairwise smoothness term S(·, ·),

E(u) = Â
p2I

D(up) + Â
p,q2N

S(up, uq), (2.2)

where I is the set of image pixels and the set N denotes spatially neighboring pixels.
Starting from this basic formulation, much research has focused on designing better
energy models that more accurately describe the flow estimation problem (see Fortun
et al. (2015) and Tu et al. (2019) for reviews of such methods).

Improving the data term. The brightness constancy assumption that the basic Horn
and Schunck model (Horn and Schunck, 1981) relies on is often violated due to
subtle brightness changes, shadow, occlusion or motion blur between two frames.
This drawback had motivated further research on designing a better data term that
can be robust under those circumstances.

Beyond the simple brightness constancy, imposing the gradient constancy (Brox
et al., 2004) or high-order constancy constraints (Papenberg et al., 2006), such as
Hessian or Laplacian, were proposed. Instead of per-pixel measure, there were several
works that introduced patch-based similarity measures such as Normalized Cross
Correlation (NCC) (Drulea and Nedevschi, 2013) or the Census transform (Stein, 2004)
that captures the local context and thus is robust to illumination changes.

One problem of the quadratic penalty function by Horn and Schunck (1981) in
Eq. (2.1) is that it is not robust to outliers. Thus, several previous works explored
robust penalty functions such as the Charbonnier (Bruhn et al., 2005; Charbonnier
et al., 1994), generalized Charbonnier (Sun et al., 2010a), or Lorentzian (Black and
Anandan, 1996) that can reduce the large penalty from the outliers.
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Improving the regularization. In order to compensate the data term design that
is not robust to illumination changes or occlusion, various types of regularization
strategies have been studied. As in Eqs. (2.1) and (2.2), the pairwise smoothness
term is designed to encourage smooth motion while trying to preserve the motion
discontinuity at motion boundaries (Weickert and Schnörr, 2001), combined with
the robustness function (Black and Anandan, 1996; Mémin and Pérez, 1998) or total
variation (Brox et al., 2004; Werlberger et al., 2010; Zach et al., 2007). Image-driven
regularization approaches (Alvarez León et al., 1999; Alvarez et al., 2000; Xu et
al., 2011) demonstrated encouraging the motion discontinuity based on the image
gradient, which is inspired by the fact that the object boundary often corresponds
to the motion boundary. Beyond simply applying smoothness between neighboring
pixels, non-local regularization approaches (Drulea and Nedevschi, 2013; Krähenbühl
and Koltun, 2012; Ranftl et al., 2014; Sun et al., 2010a) considered longer range
connection between pixels by calculating the affinity between pixels within a certain
range.

Piecewise parametric model. Piecewise parametric approaches using a homography
model have demonstrated a promising direction for regularizing the motion field by
taking geometric cues into account. Representing the scene as a set of planar surfaces
significantly reduces the number of unknowns; at the same time, parameterizing
the motion of surfaces by 8-DoF or 9-DoF transforms ensures sufficient diversity and
generality of their motion (Hornáček et al., 2014; Menze and Geiger, 2015; Vogel et al.,
2014; 2013b; 2015; Yang and Li, 2015). Unlike in the stereo setting (Vogel et al., 2014;
2013b; 2015) where 3D depth cue can be obtained, the monocular setup (i. e., two
temporally consecutive images) makes the problem more challenging; hence the
type of regularization becomes much more crucial. Hornáček et al. (2014) introduced
a 9-DoF plane-induced model for optical flow via continuous optimization. Their
method shows its strength on rigid motions, but is weaker on poorly textured regions
because of the lack of global support. Yang and Li (2015) instead used a 8-DoF
homography motion in 2D space with adaptive size and shape of the pieces via
discrete optimization.

In Chapter 4, we also introduce a piecewise parametric optical flow model that relies
on an 8-DoF parameterization with occlusion reasoning, which shows competitive
accuracy, comparing to previous work.

2.1.2 CNN-based approaches

2.1.2.1 CNNs as feature extractor

The relatively recent success of applying CNNs with backpropagation on large-scale
image classification tasks (Krizhevsky et al., 2012) paved the way for applying CNNs
to various other computer vision problems, including optical flow as well. Early work
that applied CNNs to optical flow used them as an advanced feature extractor (Bai
et al., 2016; Bailer et al., 2017; Gadot and Wolf, 2016; Güney and Geiger, 2016), as
sketched in Fig. 2.1b. The main idea behind this is to substitute the data term (e. g., in
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(b) Using CNNs as a feature extractor
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(c) CNN regression architecture

Figure 2.1: Transition from (a) classical energy-based approaches to (b) CNN-based approaches
that use CNNs as a feature extractor or to (c) end-to-end trainable CNN regression
architectures.

Eqs. (2.1) and (2.2)) in classical energy-based formulations with a CNN-based feature
matching term. Instead of using image intensities, image gradients, or other hand-
crafted features as before, CNNs enable learning feature extractors such that each pixel
can be represented with a high-dimensional feature vector that combines a suitable
amount of distinctiveness and invariance, for example to appearance changes. The
putative similarity between regions is given by the feature distance. The remaining
pipeline, including using the smoothness term as well as the optimization strategies,
remain the same.

Gadot and Wolf (2016) proposed a method called PatchBatch, which was among
the first flow approaches to adopt CNNs for feature extraction. PatchBatch (Gadot
and Wolf, 2016) is based on a Siamese CNN feature extractor that is fed 51 ⇥ 51
input patches and outputs a 512-dimensional feature vector using a shallow 5-
layer CNN. Then, PatchBatch adopts Generalized PatchMatch (Barnes et al., 2010)
as an Approximate Nearest Neighbor (ANN) algorithm for correspondence search,
i. e., matching the extracted features between two images. The method constructs its
training set by collecting positive corresponding patch examples given ground-truth
flow and negative non-matching examples by randomly shifting the image patch
in the vicinity of where the ground-truth flow directs. The intuition of collecting
negative examples in such a way is to train CNNs to be able to separate non-trivial
cases and extract more discriminative features. The shallow CNNs are trained using
a variant of the DrLIM (Hadsell et al., 2006) loss, which minimizes the squared L2
distance between positive patch pairs and maximizes the squared L2 distance between
negative pairs above a certain margin.

In a similar line of work, Bailer et al. (2017) proposed to use the thresholded hinge
embedding loss for training the feature extractor network. The hinge embedding
loss based on the L2 loss function has been commonly used to minimize the feature
distance between two matching patches and to maximize the feature distance above a
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certain threshold between non-matching patches. However, minimizing the L2 loss of
some challenging positive examples (e. g., with appearance difference or illumination
changes) can move the decision boundary into an undesired direction and lead to
misclassification near the decision boundary. Thus, Bailer et al. (2017) proposed to
use another threshold on the hinge embedding loss in order to prevent the network
from minimizing the L2 distance too aggressively, which has led to more accurate
flow estimates.

Meanwhile, Güney and Geiger (2016) demonstrated successfully combining a CNN
feature matching module with a discrete Maximum A Posteriori (MAP) estimation
approach based on a pairwise MRF model. The proposed CNN module outputs per-
pixel descriptors, from which a cost volume is constructed by calculating feature
distances between sample matches. This is input to a discrete MAP estimation approach
(Menze et al., 2015a) to infer the optical flow. Bai et al. (2016) followed a similar setup
overall, but utilized Semi-Global block Matching (SGM) (Hirschmüller, 2008) to regress
the output optical flow from the cost volume, which is constructed by calculating a
distance between features from CNNs.

Taken together, these approaches have successfully demonstrated that the benefits
of the representational power of CNNs can be combined with well-proven classical
energy-based models. Specifically, they demonstrated more accurate estimates on
inliers and more precise estimates on object boundaries than previous baselines with
hand-constructed features.

2.1.2.2 End-to-end regression architectures

Concurrently with the development of feature extraction-based networks, active
research also started on developing end-to-end CNN architectures for optical flow
estimation based on regression, as sketched in Fig. 2.1c. Unlike methods that use
CNNs only for feature extraction as addressed above, such regression methods exploit
CNNs for the entire pipeline and directly output optical flow from a pair of input
images. By substituting classical regularizers and avoiding energy minimization, these
CNN-based methods combine the advantages of end-to-end trainability and runtime
efficiency.

Dosovitskiy et al. (2015) proposed the first end-to-end CNN architecture for estimat-
ing optical flow, called FlowNet, which has two main architectural lines, FlowNetS
and FlowNetC. The two models are fundamentally based on an hourglass-shaped
neural network architecture that consists of an encoder and a decoder, and differs
only in the encoder part. The input of FlowNetS is just a concatenation of a pair
of input images, while FlowNetC first extracts a feature map for each input image
using a shared encoder and then constructs a cost volume with correlation operations,
which is then fed into the subsequent network layers.

To train the networks in a supervised way, Dosovitskiy et al. (2015) established a
synthetic dataset (called FlyingChairs) in order to overcome the shortage of suitable
training data. Due to the intrinsic differences between synthetic and real-world
images, however, unfortunately FlowNet trained on the synthetic domain does not
generalize well to real images, being outperformed by classical energy-based methods.
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ଵ
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Figure 2.2: (a) The classical coarse-to-fine concept proceeds by estimating optical flow using
a multi-scale image pyramid, starting from the coarsest level to the finest level.
By gradually estimating and refining optical flow through the pyramid levels,
this approach can handle large displacements better and improve accuracy. (b)
Backward warping is commonly used in optical flow estimation. For each pixel
p1 in the source image, the warped image obtains the intensity from (sub)pixel
location p2, which is obtained from the estimated flow. Bilinear interpolation is
often used to obtain the pixel intensity at the non-integer coordinate.

Yet, importantly, FlowNet demonstrated the possibility of employing an end-to-end
regression architecture for optical flow estimation. Moreover, FlowNet established
several standard practices for training optical flow networks such as learning rate
schedules, basic network architectures, data augmentation schemes, and the necessity
of pre-training on synthetic datasets, which have substantially impacted follow-up
research.

Ranjan and Black (2017) proposed SPyNet, which incorporates the classical “coarse-
to-fine” concept (please refer to Fig. 2.2a for an illustration) into a CNN model and
updates the residual flow over multiple pyramid levels. SPyNet consists of 5 pyramid
levels, and each pyramid level consists of a shallow CNN that estimates flow between
a source image and a target image, which is warped by the current flow estimate (see
Fig. 2.2b). This estimate is updated so that the network can residually refine optical
flow through a spatial pyramid and possibly handle large displacements. Compared
to FlowNet, SPyNet significantly reduces the number of model parameters by 96% by
using a pyramid-shaped architecture, while achieving comparable and sometimes
even better results than FlowNet.

Meanwhile, Ilg et al. (2017) proposed FlowNet2, which significantly improves the
flow accuracy over their previous FlowNet architecture and started to outperform clas-
sical energy-based approaches. To overcome the limitations of FlowNet (e. g., blurry
outputs and lower accuracy in general), Ilg et al. proposed the key idea that by stack-
ing multiple FlowNet-style networks, one can sequentially refine the output from the
previous network modules. Despite of the conceptual simplicity, stacking multiple
networks is very powerful and significantly improves the flow accuracy by more than
50% over FlowNet. Additionally, Ilg et al. revealed several important practices for
training their networks, including the necessity of pre-training on synthetic datasets
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and fine-tuning on real image datasets, the effectiveness of using a correlation layer,
and the guidance of proper learning rate schedules.

After the successful demonstration of FlowNet2 (Ilg et al., 2017) that end-to-end
regression architectures can outperform energy-based approaches, further investi-
gations on finding better network architectures have continued. Sun et al. (2018)
proposed an advanced architecture called PWC-Net by exploiting well-known design
principles from classical approaches. PWC-Net relies on three main design principles:
(i) pyramid, (ii) warping, and (iii) cost volume. Similar to SPyNet (Ranjan and Black,
2017), PWC-Net estimates optical flow in a coarse-to-fine way with several pyramid
levels, but PWC-Net constructs a feature pyramid by using CNNs, instead of an image
pyramid as in SPyNet. Next, PWC-Net constructs a cost volume with a feature map
from the source image and the warped feature map from the target image based on
the current flow. Then, the subsequent CNN modules act as a decoder that outputs op-
tical flow from the cost volume. In terms of both accuracy and practicality, PWC-Net
(Sun et al., 2018) set a new state of the art with its light-weight architecture allowing
for shorter training times, faster inference, and more importantly, clearly improved
accuracy. Comparing to FlowNet2 (Ilg et al., 2017), PWC-Net is 17 times smaller in
model size and twice as fast during inference while being more accurate. Similar to
SPyNet, the computational efficiency stems from using coarse-to-fine estimation, but
PWC-Net crucially demonstrates that constructing and warping feature maps instead
of using downsampled warped images yields much better accuracy.

Concurrently, LiteFlowNet (Hui et al., 2018) also demonstrated utilizing a multi-
level pyramid architecture that estimates flow in a coarse-to-fine manner, proposing
another light-weight regression architecture for optical flow. The major technical
differences to PWC-Net are that LiteFlowNet residually updates optical flow estimates
over the pyramid levels and proposes a flow regularization module. The proposed
flow regularization module creates per-pixel local filters using CNNs and applies
the filters to each pixel so that customized filters refine flow fields by considering
neighboring estimates. The regularization module is given the optical flow, feature
maps, and occlusion probability maps as inputs to take motion boundary information
and occluded areas into account in creating per-pixel local filters. The experimental
results demonstrate clear benefits, especially from using the regularization module
that smoothes the flow fields while effectively sharpening motion boundaries, which
reduces the error by more than 13% on the training domain.

Yin et al. (2019) proposed a general probabilistic framework termed HD3 for
dense pixel correspondence estimation, exploiting the concept of the so-called match
density, which enables the joint estimation of optical flow and its uncertainty. Mainly
following the architectural design of PWC-Net, the method estimates the full match
density in a hierarchical and computationally efficient manner. The estimated spatially
discretized match density can then be converted into optical flow vectors while
providing an uncertainty assessment at the same time, which is rather different from
all previous regression networks above. On established benchmarks datasets, their
experimental results demonstrate state-of-the-art accuracy regarding both optical flow
and uncertainty measures.
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Table 2.1: Overview of the main technical design principles of end-to-end optical flow ar-
chitectures: FlowNetS (Dosovitskiy et al., 2015), SPyNet (Ranjan and Black, 2017),
FlowNet2 (Ilg et al., 2017), PWC-Net (Sun et al., 2018), LiteFlowNet (Hui et al.,
2018), HD3 (Yin et al., 2019), VCN (Yang and Ramanan, 2019), and RAFT (Teed and
Deng, 2020).
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Flow inference Direct Residual Direct Direct Residual Residual Hypothesis
selection

Residual
with GRU

Parameters (M) 38.67 1.20 162.49 8.75 5.37 39.6 6.20 5.3

While the cost volume has been commonly used in backbone architectures (Doso-
vitskiy et al., 2015; Hui et al., 2018; Ilg et al., 2017; Sun et al., 2018; Yin et al., 2019),
its representation is mainly based on a heuristic design. Instead of representing the
matching costs between all pixels (x, y) with their possible 2D displacements (u, v)
into a 4D tensor (x, y, u, v), the conventional design is based on a 3D cost volume –
a 2D array (x, y) augmented with a uv channel, which is computationally efficient
but often yields limited accuracy and overfitting. To overcome this limitation, Yang
and Ramanan (2019) proposed Volumetric Correspondence Networks (VCN), which
are based on true 4D volumetric processing: constructing a proper 4D cost volume
processing with an approximated 4D convolution kernels for computational efficiency.
Through proper 4D volumetric processing, the method further pushes both accuracy
and practicality on widely used public benchmarks, improving generalization and
demonstrating faster training convergence.

Afterward, Teed and Deng (2020) introduced a newer generation of deep network
architecture for optical flow, called Recurrent All-Pairs Field Transforms (RAFT).
RAFT first pre-computes a multi-scale 4D correlation volume for all possible pairs
of pixels and then iteratively updates optical flow only at a single high resolution
using a Gated Recurrent Unit (GRU) that performs lookups on the pre-computed cost
volume. Unlike previous work (Hui et al., 2018; Sun et al., 2018; Yang and Ramanan,
2019) based on the coarse-to-fine estimation, the operation only at the high resolution
can bring a benefit of keeping the fine details for small objects that are sometimes
lost at the coarser level. Possible demerits from the single scale estimation such as
limited search space or heavy computational cost are overcome by computing the
cost volume for all possible pairs but only once. RAFT not only sets a new state of the
art on established public benchmark datasets such as MPI Sintel and KITTI, but also
demonstrated strong generalization to unseen domains.
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Table 2.2: Quantitative comparison on public benchmarks: MPI Sintel (Butler et al., 2012) and
KITTI (Geiger et al., 2012; Menze and Geiger, 2015).

Methods MPI Sintel a KITTI b

Clean Final 2012 2015

FlowNetS (Dosovitskiy et al., 2015) 6.158 7.218 37.05% –

SPyNet (Ranjan and Black, 2017) 6.640 8.360 12.31% 35.07%

FlowNet2 (Ilg et al., 2017) 3.959 6.016 4.82% 10.41%

PWC-Net (Sun et al., 2018) 4.386 5.042 4.22% 9.60%

LiteFlowNet (Hui et al., 2018) 3.449 5.381 3.27% 9.38%

HD3 (Yin et al., 2019) 4.788 4.666 2.26% 6.55%

VCN (Yang and Ramanan, 2019) 2.808 4.404 – 6.30%

RAFT (Teed and Deng, 2020) 1.609 2.855 – 5.10%
a Evaluation metric: end point error (EPE).
b Evaluation metric: outlier rate (i. e., less than 3 pixel or 5% error is considered an inlier)

Table 2.1 summarizes the main differences in technical design of the various end-to-
end optical flow architectures discussed above. Starting from FlowNetS (Dosovitskiy
et al., 2015), the methods are listed in chronological order. Table 2.2 compares the
quantitative results of each method on the MPI Sintel (Butler et al., 2012) and KITTI
benchmarks (Geiger et al., 2012; Menze and Geiger, 2015). Each method is pre-trained
on synthetic datasets first and then fine-tuned on each benchmark. Looking at the
two tables, we can gain some insights into which design choices lead to the observed
accuracy improvements. First, having a pyramid structure by adopting a “coarse-
to-fine” strategy makes networks more compact and improves the flow estimation
accuracy (e. g., from FlowNet (Dosovitskiy et al., 2015) to SPyNet (Ranjan and Black,
2017), PWC-Net (Sun et al., 2018), and LiteFlowNet (Hui et al., 2018)). Second, stacking
networks can also improve the flow accuracy while linearly increasing the number of
parameters (e. g., from FlowNet (Dosovitskiy et al., 2015) to FlowNet2 (Ilg et al., 2017)).
Third, constructing a cost volume by calculating a patch-wise correlation between
two feature maps has become a standard approach and is more beneficial than not
using it (e. g., SPyNet vs. PWC-Net). Fourth, even if based on similar conceptual
designs, subtle design differences or additional modules can further lead to accuracy
improvements (e. g., LiteFlowNet (Hui et al., 2018) vs. PWC-Net (Sun et al., 2018)).
Lastly, research on better fundamental designs such as the way of processing output
(e. g., the recurrent update using GRU and a cost-volume lookup table (Teed and
Deng, 2020)) or the cost volume representation (e. g., 4D cost volume (Teed and Deng,
2020; Yang and Ramanan, 2019)) can lead to further improvement, sometimes quite
significantly so.

Fig. 2.3 shows a qualitative comparison of each method on an example from the
Sintel Final Test set (Butler et al., 2012). The optical flow visualizations and the error
maps demonstrate how significantly end-to-end methods have been improved over
the past few years, especially near motion boundaries and in non-textured areas.
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Ground truth Overlayed image

FlowNetS
(Dosovitskiy et al., 2015)

SPyNet
(Ranjan and Black, 2017)

FlowNet2
(Ilg et al., 2017)

PWC-Net
(Sun et al., 2018)

EPE: 7.873 EPE: 8.881 EPE: 5.448 EPE: 5.150

LiteFlowNet
(Hui et al., 2018)

HD3

(Yin et al., 2019)
VCN

(Yang and Ramanan, 2019)
RAFT

(Teed and Deng, 2020)
EPE: 5.073 EPE: 4.247 EPE: 4.395 EPE: 3.077

Figure 2.3: Qualitative comparison of end-to-end architectures: Example from Sintel Final
Test (Butler et al., 2012). The first column shows the ground-truth flow and the
overlayed input images. In the further columns, we show the color-coded flow
visualization of each method, overlayed with the EPE and their error maps (the
brighter a pixel, the higher its error).

2.1.2.3 Add-on modules for accuracy improvement

Along with the advances of the end-to-end regression architectures, there has been
a parallel line of works that propose generic add-on modules that can be possibly
applied to any backbone network architectures and improve the accuracy.

Feature warping has demonstrated as one of the essential technical components in
a series of works (Hui et al., 2018; Sun et al., 2018; Yang and Ramanan, 2019), yet so-
called “ghosting effect” has been overlooked. When backward-warping feature maps
at the target frame to the source frame (cf . Fig. 2.2b), feature maps at disoccluded
areas at the target frame are duplicated and thus create matching ambiguity. Zhao
et al. (2020) proposed an asymmetric occlusion-aware feature matching module that
learns to estimate a rough occlusion mask without explicit supervision and filters
out the warped feature map in the occluded areas so that the doubled feature map
does not affect the matching process. By adopting into PWC-Net (Sun et al., 2018),
the method improves the optical flow accuracy by 19% in MPI Sintel and 34% in the
KITTI benchmark over PWC-Net with reasonable occlusion maps as a by-product.

Xiao et al. (2020) demonstrated a learnable cost volume using an elliptical inner
product, which generalizes the standard Euclidean inner product by a symmetric
and positive definite kernel matrix. From the generalization using the Cayley rep-
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resentation, the learnable cost volume is able to have more representation capacity
because it calculates correlation among different channel dimensions and weighs
each dimension differently. By plugging into several backbone architectures (Liu
et al., 2019b; Sun et al., 2018; Yang and Ramanan, 2019) and replacing the vanilla cost
volume, the experiment demonstrates consistent accuracy improvements as well as
robustness against the adversarial perturbations over the baselines.

Typical encoder-decoder networks tend to produce blurred estimation as well
as boundary artifacts due to the strong reduction of spatial resolution. To address
this issue, Wannenwetsch and Roth (2020) introduced probabilistic pixel-adaptive
convolutions that utilize both image guidance data and the confidence estimates
to refine outputs of off-the-shelf methods. As a post-processing module for optical
flow and semantic segmentation as well, Wannenwetsch and Roth (2020) successfully
demonstrated a clear reduction in boundary artifacts and improved the accuracy as
well.

Hui and Loy (2020) demonstrated two add-on modules, cost volume modulation
and flow field deformation, which further improves the accuracy of off-the-shelf meth-
ods, FlowNetC (Dosovitskiy et al., 2015), PWC-Net (Sun et al., 2018), and LiteFlowNet
(Hui et al., 2018). The cost volume modulation module applies a learned affine trans-
form to the cost volume to filter outliers that may exist due to matching ambiguity
or occlusion. The flow field deformation module learns to adopt the neighboring
estimated flow so that an inaccurate estimate is replaced by an accurate estimate
nearby.

Hofinger et al. (2020) also proposed several technical components that improves
the optical flow CNN architectures based on the pyramid structure and cost volume.
Analogous to Teed and Deng (2020), Hofinger et al. (2020) proposed to use a sampling-
based cost volume construction instead of warping-based way in order to avoid
the ghosting effect and preserve fine details. Furthermore, they demonstrated a
gradient stopping strategy between pyramid levels as well as distillation concept for
sequentially training the model on multiple datasets, which overall improves the final
result. The proposed technical components are successfully validated on PWC-Net
(Sun et al., 2018) and HD3 (Yin et al., 2019).

Subtle design choices in CNN architecture matter, but so do training details. Bar-
Haim and Wolf (2020) took a close look into the augmentation scheme and demon-
strate that certain cropping and scaling augmentation protocol yields imbalanced
sampling bias and eventually degrades the accuracy. By improving the sampling
strategy (e. g., using a larger crop size and a careful crop positioning so that it does
not neglect challenging samples), the method improved the accuracy by more than
10% on MPI Sintel and 12% on KITTI benchmark datasets.

In Chapter 5, we propose an Iterative Residual Refinement (IRR) scheme based on
weight sharing that can be combined with several backbone networks (Dosovitskiy
et al., 2015; Sun et al., 2018). Inspired by classical energy minimization-based methods,
our model estimates both optical flow and occlusion by iteratively using a weight-
shared network, which reduces the number of parameters, improves the accuracy,
or even achieves both. Further integrating bi-directional flow estimation into the IRR
scheme further boosts the accuracy, outperforming state-of-the-art results for both



22 background and related work

Target Image

Optical Flow

Source Image

Ground Truth

Supervised Loss

Target Image

Optical Flow

Source Image

Reconstructed 
Source Image

Un-/Self-Supervised Proxy Loss

Warping 
Operation

CNNs

CNNs

(a) Supervised loss

Target Image

Optical Flow

Source Image

Ground Truth

Supervised Loss

CNNs

Target Image

Optical Flow

Source Image

Un-/Self-Supervised Proxy Loss

Warping 
Operation

CNNs

Reconstructed 
Source Image

(b) Unsupervised or self-supervised proxy loss

Figure 2.4: Comparison of loss function in supervised learning and unsupervised (or self-
supervised) learning of optical flow: (a) For supervised learning, the loss is
directly applied to output with given ground truth. (b) For un-/self-supervised
learning, a proxy loss function is designed and indirectly applied to output.

optical flow and occlusion estimation across several standard datasets (Butler et al.,
2012; Menze and Geiger, 2015).

2.1.3 Unsupervised/self-supervised learning

Aside from the question of how to design deep network architectures for optical flow
estimation, another problem dimension has grown into prominence recently – how to
train such CNNs for optical flow especially in the context of the limited quantities of
ground-truth data available in practice. Most (early) CNN approaches are based on
standard supervised learning and utilize synthetically generated data. While synthetic
datasets enable training CNNs with a large amount of labeled data, the networks only
trained on synthetic datasets perform relatively poorly on real-world datasets due to
the domain mismatch between the training domain and the target domain. As just
discussed, supervised approaches thus require fine-tuning on the target domain for
better accuracy.

However, this can be problematic if there is no ground truth optical flow available
for the target domain. To resolve this issue, unsupervised learning approaches have
been proposed to directly train CNNs on the target domain without having access
to any ground truth flow. Such methods are also called self-supervised, as the
supervisory signal comes from the input images themselves. Fig. 2.4 compares how
the loss function is applied between supervised and un-/self-supervised learning
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case. Unlike the supervised learning where the loss is directly applied to the output
(Fig. 2.4a), a proxy loss function is designed and indirectly applied to the flow output
in case of un-/self-supervised learning (Fig. 2.4b). In this section, we will overview
existing unsupervised or self-supervised learning methods and discuss how they have
progressed to achieve results that are competitive with many supervised methods.

Ahmadi and Patras (2016) pioneered unsupervised learning-based optical flow
using CNNs. Inspired by the classical Horn and Schunck (Horn and Schunck, 1981)
method, Ahmadi and Patras (2016) used the classical optical flow constraint equation
as a loss function for training the network. By minimizing this unsupervised loss
function, the network learns to predict optical flow fields that satisfy the optical flow
constraint equation on the input images, i. e., the brightness constancy assumption.
By demonstrating that the flow accuracy is close to the best supervised method at
the time, i. e. FlowNet (Dosovitskiy et al., 2015), Ahmadi and Patras (2016) suggest
that unsupervised learning of networks for optical flow estimation is possible and
can overcome some of the limitations of supervised learning approaches.

Concurrently, Yu et al. (2016) and Ren et al. (2017a) proposed to use a proxy un-
supervised loss that is inspired by a standard MRF formulation. Following classical
concepts, the proposed unsupervised proxy loss consists of a data term and a smooth-
ness term as in Eq. (2.2). The data term directly minimizes the intensity difference
between the first image and the warped second image from estimated optical flow,
and the smoothness term penalizes flow differences between neighboring pixels.
Both methods demonstrate that directly training on a target domain (e. g., the KITTI
datasets (Geiger et al., 2012)) in an unsupervised manner performs competitive to or
sometimes even outperforms the same network that is trained on a different domain
(e. g., the FlyingChairs dataset (Dosovitskiy et al., 2015)) in a supervised manner.
This observation suggests that unsupervised learning approaches can be a viable
alternative to supervised learning if labeled data for training is not available in the
target domain.

In follow-up work, Zhu and Newsam (2017) showed that the backbone network
can be improved by using dense connectivity. By adopting dense blocks (Huang et al.,
2017) with skip connections between all convolutional layers, Zhu and Newsam (2017)
improve the flow accuracy by more than 10% on public benchmark datasets over Yu
et al. (2016) on average, which uses FlowNet (Dosovitskiy et al., 2015) as a backbone
network. This indicated the importance of choosing the right backbone network in
the unsupervised learning setting as well.

Zhu et al. (2017c) also proposed a different direction of unsupervised learning,
combining an unsupervised proxy loss and a guided supervision loss using proxy
ground truth obtained from an off-the-shelf classical energy-based method. In the
circumstance that learning with the unsupervised proxy loss is outperformed by
the classical energy-based method, the guided loss can help and even achieve better
accuracy than either of the two losses alone.

Unsupervised or self-supervised learning of optical flow relies on minimizing a
proxy loss rather than estimating optical flow close to some ground truth. Thus,
designing a faithful proxy loss is critical to its success. Meister et al. (2018) proposed
a proxy loss function that additionally considers occlusions, demonstrates better
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accuracy than previous unsupervised methods, and outperforms the supervised
backbone network (i. e., FlowNet (Dosovitskiy et al., 2015)). Further, bi-directional
flow is estimated from the same network by only switching the order of input images
and occlusions are detected using a bi-directional consistency check. The proxy loss
is applied only to non-occluded regions as the brightness constancy assumption does
not hold for occluded pixels. In addition, Meister et al. (2018) suggested using a higher-
order smoothness term and a ternary census loss (Stein, 2004; Zabih and Woodfill,
1994) to obtain a data term that is robust to brightness changes. This advanced
proxy loss significantly improves the accuracy by halving the error compared to
previous unsupervised learning approaches. The approach of Meister et al. (2018)
results in better accuracy than supervised approaches pre-trained on synthetic data
alone (assuming the same backbone), which suggests that directly training on the
target domain in an unsupervised manner can be a good alternative to supervised
pre-training with synthetic data.

Wang et al. (2018) also introduced an advanced proxy loss that takes occlusion into
account and is applied only to non-occluded regions. Similar to Meister et al. (2018),
Wang et al. (2018) estimate bi-directional optical flow and then obtain an occlusion
mask for the forward motion by directly calculating disocclusion from the backward
flow. They exploit the fact that occlusion from the forward motion is the inverse of
disocclusion from the backward motion. Wang et al. (2018) improved the accuracy
overall by 25% on public benchmark datasets compared to the unsupervised approach
of Yu et al. (2016) and demonstrated good occlusion estimation results, close to those
of classical energy-based approaches.

Janai et al. (2018) extended unsupervised learning of optical flow to a multi-frame
setting, taking in three consecutive frames and jointly estimating an occlusion map.
Based on the PWC-Net (Sun et al., 2018) architecture, they estimate bi-directional
flow from the reference frame and occlusion maps for both directions as well. A basic
unsupervised loss consisting of photometric and smoothness terms is applied only
on non-occluded regions for estimating flow, and a constant velocity constraint is
also used, which encourages the magnitude of forward flow and backward flow to be
similar but going in opposite directions. Their experimental results demonstrate the
benefits of using multiple frames, outperforming all two-frame-based methods with
competitive accuracy of occlusion estimation against classical energy-based methods.

Liu et al. (2019b,c) demonstrated another direction for unsupervised (or self-
supervised) learning by using a data distillation framework with student-teacher
networks. Their two methods, DDFlow (Liu et al., 2019b) and its extension SelFlow
(Liu et al., 2019c), distill reliable predictions from a teacher network, which is trained
in an unsupervised manner (Meister et al., 2018), and use them as pseudo ground
truth for training the student network, which is used at inference time. DDFlow (Liu
et al., 2019b) proposed to randomly crop the predicted flow map from the teacher
network as well as the input images, and then use them as pseudo ground truth to
train the student network. The main intuition is that its reliably predicted optical flow
from the non-occluded pixels in the teacher network can work as reliable pseudo
ground truth for occluded pixels in the student network. SelFlow (Liu et al., 2019c)
suggested a better data distillation strategy by exploiting superpixel knowledge
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and hallucinating occlusions in non-occluded regions. Given the prediction from
the teacher network, SelFlow (Liu et al., 2019c) superpixelizes the target frame and
perturbs random superpixels by injecting random noise as if non-occluded pixels in
the target images were occluded by randomly looking superpixels. Then likewise,
those non-occluded pixels with reliable predictions from the teacher network become
occluded pixels when training the student network, guiding to estimate reliable opti-
cal flow in occluded areas. Evaluating on public benchmark datasets, both SelFlow
(Liu et al., 2019c) and DDFlow (Liu et al., 2019b) improved the accuracy over the
previous works, suggesting a promising direction for self-supervised learning.

Based on the previous work using the distillation pipeline (Liu et al., 2019c),
Liu et al. (2020) demonstrate a more effective data distillation scheme using data
augmentation on the pseudo ground truth. On the input images and pseudo ground
truth obtained from the teacher networks, Liu et al. (2020) apply photometric and
geometric augmentation (e. g., random crop, flip, zoom, and affine transform) in
order to provide more diverse supervision to the student model. Liu et al. (2020)
demonstrated that this regularization concept brought up to 13% accuracy boost in
average on public benchmark datasets.

Unsupervised or self-supervised methods have demonstrated promising results
over supervised methods. The success of these methods often relies on careful designs
of the proxy loss function as well as training strategies. In this regard, Jonschkowski
et al. (2020) systematically analyzed a set of key components of the design choices
(e. g., the data term, smoothness term, occlusion handling, input resolution, and
augmentation etc.) and demonstrated which combination yields the best accuracy.
Besides, Jonschkowski et al. (2020) further introduced several novel technical contri-
butions such as cost volume normalization, applying smoothness before upsampling
the flow map, and continual self-supervision with distillation. The combination of all
these components in the end outperforms previous unsupervised approaches and
performs on par with a supervised method, FlowNet2 (Ilg et al., 2017).

2.1.4 Training datasets and their importance

Supervised learning. As discussed in Section 2.1.2.2, almost all the supervised optical
flow methods follow the same conventional training and evaluation protocols that are
settled by Dosovitskiy et al. (2015) and Ilg et al. (2017). The methods first pre-trains
their models on synthetic datasets (e. g., FlyingChairs (Dosovitskiy et al., 2015) and
FlyingThings3D (Mayer et al., 2016)), and then they fine-tune the models and evaluate
on a target domain dataset (e. g. Middlebury (Baker et al., 2011), MPI Sintel or KITTI).
The main reason of pre-training on synthetic datasets is because not only there exists
no large-scale real-world dataset, but also models pre-trained on synthetic datasets
tend to generalize well to the real-world domains. Of course, details on a synthetic
data generation process matter for a generalization to the real-world domain; realism
of rendered synthetic images (Sun et al., 2021) as well as matched motion statistics
(Mayer et al., 2016) to a target dataset are the two well-known major factors. Sun et al.
(2021) provides an analysis on which rendering details are crucial and proposes an
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Figure 2.5: The relationship between scene flow and optical flow.

automatic synthetic data generation approach that optimizes the accuracy of a model
on a target dataset.

For fine-tuning, early approaches (Dosovitskiy et al., 2015; Ilg et al., 2017; Sun
et al., 2018) used annotated data only from a target domain dataset. However, later
approaches (Sun et al., 2021; Teed and Deng, 2020; Zhang et al., 2021) demonstrate
that using a mixture of annotated data results in better accuracy especially when
there is not enough annotated data on the target domain (e. g. KITTI).

Self-supervised learning. Many self-supervised optical flow approaches have been
proposed, but they only demonstrate that self-supervised learning can be a good
substitute for supervised pre-training on synthetic datasets. Still, their accuracy is
outperformed by the same model fine-tuned even with few-hundreds annotated
examples after the pre-training. This limitation hinders the benefit of exploiting a
large amount of unlabeled datasets and potentially eliminating the need of annotated
data in target domains. The main reason is due to proxy loss function designs that
determine the success of self-supervised methods. Once a proxy loss (or task) design
that can outperform the accuracy of supervised fine-tuned models is found, self-
supervised methods can fully benefit from the self-supervised learning and even can
build a universal model that generalizes well to multiple target domains through
multi-dataset training.

2.2 scene flow

Scene flow is commonly defined as a dense 3D motion field for each point in the
scene and was first introduced by Vedula et al. (1999, 2005). Fig. 2.5 illustrates the
relationship between optical flow and scene flow. When an object moves from a point
P(Px, Py, Pz) to another point P0(P0x, P0y, P0z) in 3D space, scene flow s(sx, sy, sz) is the
3D motion between the two points (i. e., s = P0 �P). Observed in the image coordinate,
optical flow f = ( fx, fy) is the apparent motion between the two pixels p = (px, py)
in the reference image and p0 = (p0x, p0y) in the target image (i. e., f = p0 � p). In other
words, optical flow is the projection of scene flow into the image coordinate.

The problem formulation of scene flow estimation varies depending on the type
of input data. In case of stereo (cf . Fig. 2.6a) or monocular image sequences, each
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(a) A pair of rectified stereo images (Geiger et al., 2012)

(b) 3D point cloud (c) RGB-D image (Quiroga et al., 2014)

Figure 2.6: A different type of input data for scene flow estimation: (a) A pair of rectified
images captured from a stereo camera, (b) RGB-D (Red, Green, Blue, and Depth)
image, and (c) 3D point cloud captured from LiDAR (Light Detection and Ranging).

3D point can be estimated by disparity matching or scene prior knowledge learning,
which often requires complex formulations. In case of 3D point cloud (cf . Fig. 2.6b) or
RGB-D data (cf . Fig. 2.6c), it becomes a correspondence matching problem with given
3D (sparse) points. In the following, we review the literature regarding each input
data type.

Stereo-based scene flow. The most common setup is to jointly estimate 3D scene
structure and 3D motion of each point given two temporally consecutive stereo images.
Early approaches were mostly based on standard variational formulations and energy
minimization, which defines an objective function that jointly estimates the disparity
map at each time step and the 3D scene flow between the frames. From the estimated
disparity, 3D point of each pixel in the world coordinate can be simply obtained from
the baseline distance of a stereo rig and the camera intrinsics.

Early works followed the variational formulation or the standard pairwise MRF
(Boykov et al., 1998; Li, 1994) formulation for optical flow based on the brightness con-
stancy assumption as in Eqs. (2.1) and (2.2). Isard and MacCormick (2006) proposed
a single MRF model that estimates the two disparity maps and the motion between
them, considering occlusions, depth discontinuities, and motion discontinuities as
well. Huguet and Devernay (2007) and Wedel et al. (2008) proposed a variational
formulation that jointly estimates two disparity maps and scene flow by minimizing
a defined global energy. However, these classical energy-based methods (Huguet and
Devernay, 2007; Isard and MacCormick, 2006; Wedel et al., 2011; 2008; Zhang and
Kambhamettu, 2001) often incur long runtime due to the energy optimization and
yield limited accuracy particularly on occlusion, brightness changes, and non-texture
region.

Later, Vogel et al. (2014, 2013b, 2015) introduced an explicit piecewise planar
surface representation with a rigid motion model, and brought significant accuracy
improvements especially in traffic scenarios. Vogel et al. (2013b) decompose a scene
into a set of superpixels and estimate plane parameters and rigid motion parameters
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(i. e., rotation and translation in 3D space) of each superpixel. Further, Vogel et al.
(2013b, 2015) extended the approach into a multiple frame setup that encouraged
temporally consistency over time. Exploiting semantic knowledge for modeling
motion of rigidly moving objects yielded further accuracy boosts (Behl et al., 2017;
Ma et al., 2019; Menze and Geiger, 2015; Ren et al., 2017b).

Recently, CNN-based models have been introduced as well. Supervised approaches
(Ilg et al., 2018; Jiang et al., 2019; Mayer et al., 2016; Saxena et al., 2019) train networks
on large synthetic datasets and achieve state-of-the-art accuracy with real-time per-
formance; yet, the domain mismatch problem toward real-world data still exists. To
overcome the problem, un-/self-supervised learning approaches (Lee et al., 2019; Liu
et al., 2019a; Wang et al., 2019b) had been also developed and were able to train their
networks on real-world datasets directly.

RGB-D based scene flow. Another line of work (Hadfield and Bowden, 2011; Hornáček
et al., 2014; Lv et al., 2018; Qiao et al., 2018; Quiroga et al., 2014) demonstrated es-
timating scene flow from a sequence of RGB-D images. As a depth measurement is
provided by RGB-D sensor, the objective then becomes a correspondence matching
problem in the 3D coordinate. Inspired by the classical optical flow formulation,
Quiroga et al. (2014) proposed an energy-based model consisting of a data term and a
pairwise term that encourages local and piecewise rigid motion in 3D space, followed
by energy minimization. Hornáček et al. (2014) introduced an energy-based model
that formulates the problem as local 3D patch matching under 6-DoF rigid motion.

Similar to other categories, CNN-based methods have been also developed. Qiao
et al. (2018) proposed a CNN architecture that inputs a sequence of RGB-D images and
directly regresses the scene flow. Lv et al. (2018) introduced a more structured CNN
pipeline that estimates relative camera motion with a moving object mask as well as
the scene flow.

Scene flow from 3D points cloud. Recently, several approaches explored to estimate
scene flow given a sequence of 3D point clouds by using CNNs. Similar to RGB-D
images, 3D point clouds also provide accurate 3D measurement of the surrounding
environment.

Early CNN-based approaches proposed an end-to-end architecture that processes
unstructured point clouds and directly regresses 3D scene flow. Due to the lack of
ground truth for real data, the approaches train their networks on synthetic datasets
and demonstrated generalization to real data. Gu et al. (2019) proposed a supervised
learning approach based on a permutohedral lattice network that efficiently pro-
cesses general, unstructured point-cloud data. Behl et al. (2019) introduced a voxel
representation for handling sparse point cloud data and jointly estimate scene flow,
ego-motion, and 3D bounding boxes for rigidly moving objects. Liu et al. (2019d) and
Wang et al. (2020) demonstrated using set convolution, which takes neighboring point
clouds within a certain radius and transforms them into a feature vector.

Afterward, self-supervised approaches demonstrated directly training on unlabeled
point clouds. Mittal et al. (2020) proposed to use the cycle consistency between bi-
directional scene flow and demonstrated comparable accuracy to supervised methods.
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Further, Wu et al. (2020) introduced an improved architecture that follows a similar
spirit on PWC-Net (Sun et al., 2018) (i. e., using pyramids, warping, and cost volume)
and outperformed the accuracy of previous methods.

Monocular scene flow. Scene flow estimation using a sequence of monocular images
has been also proposed but less frequently. The main challenge comes from the depth
and scale ambiguity, i. e. it is hard to determine them from a pair of consecutive
frames.

Multi-task CNN approaches (Chen et al., 2019; Lai et al., 2019; Luo et al., 2019; Ranjan
et al., 2019; Yang et al., 2018; Yin and Shi, 2018; Zhu et al., 2019; Zou et al., 2018b) that
jointly predict optical flow, depth, and camera motion from a monocular sequence
demonstrate reconstructing scene flow from those outputs. However, such approaches
have a critical limitation in that they cannot recover scene flow for occluded pixels.

Xiao et al. (2017) introduced a variational approach to monocular scene flow
given an initial depth cue, but without competitive accuracy. Brickwedde et al. (2019)
proposed an integrated pipeline by combining CNNs and an energy-based formulation.
Given depth estimates from monocular depth CNNs, trained on pseudo-labeled data,
the method jointly estimates 3D plane parameters and the 6D rigid motion of a
piecewise rigid scene representation, achieving state-of-the-art accuracy. Yang and
Ramanan (2020) introduced an integrated pipeline that obtains scene flow from given
optical flow and depth cues via determining motion in depth from observing changes
in object sizes.

In Chapter 6, we propose a monocular scene flow approach that yields both
competitive accuracy and real-time performance by directly predicting 3D scene flow
from a single CNN. Due to the scarcity of 3D motion ground truth and the domain
over-fitting problem when using synthetic datasets, we train directly on the target
domain in a self-supervised manner, which can leverage large amounts of unlabeled
data.

2.3 joint estimation with motion

As discussed in Chapter 1, the dissertation mainly focuses on the joint estimation
of motion with semantic segmentation, occlusion, and depth. Here, we introduce the
background and literature on each joint objective with motion. Especially, we discuss
how the joint objectives have been formulated and what kinds of relationships have
been exploited in previous work, along with our contributions.

2.3.1 Semantic Segmenatation

Semantic segmentation is the task of classifying each pixel in an image into one of
pre-defined object class labels. As in Fig. 2.7, it assigns an object class label l 2 L to
each pixel p = (px, py) in the image It, where L is a set of semantic classes (e. g., sky,
building, road, car, pedestrian, etc.).
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Figure 2.7: Examples of semantic segmentation (Ground truth from the Cityscapes dataset
(Cordts et al., 2016)).

Prior to the deep learning age, classical approaches (Arbeláez et al., 2012; Kontschieder
et al., 2011; Nowozin et al., 2010; Xia et al., 2013) used handcrafted low-level features
(e. g. SIFT (Lowe, 2004) or HoG (Dalal and Triggs, 2005)), followed by graphical models
(e. g. MRFs, Conditional Random Fields (CRFs)) or Random Forest. Yet, their lack of
representation capability as well as ability to handle a large-scale data limits their
performance.

Afterward, the relatively recent success of CNNs with back-propagation enables
to train models on large-scale datasets. Continuing research on finding better CNN
architectures (Chen et al., 2017b; Yu and Koltun, 2016; Zhao et al., 2017) as well as
establishing diverse large scale datasets (Cordts et al., 2016; Neuhold et al., 2017)
accelerate the progress of research.

While the majority of the work focuses on per-frame estimation, exploiting mul-
tiple frames at a single time step can bring new aspects to the problem, which is
one of the main interests of our dissertation. One can simply exploit the temporal
correspondence between frames to improve the temporal consistency of segmentation.
On the other hand, one can also improve motion estimation by exploiting semantic
knowledge. Or, one can improve both tasks by discovering mutual benefits between
them. Below, we discuss the related prior works on each case.

Temporally consistent semantic segmentation. Given multiple temporally consec-
utive frames, temporal correspondence information between frames can improve
the semantic segmentation accuracy by encouraging temporal consistent estimation
between corresponding pixels. One common way to inject temporal consistency is
to utilize motion and structure features from 3D point clouds obtained by Structure
from Motion (SfM) (Brostow et al., 2008; Floros and Leibe, 2012; Sturgess et al., 2012).
Another way is to jointly reconstruct a scene in 3D with semantic labels through a
batch process, which naturally enables temporally consistent segmentation (Kundu
et al., 2014; Sengupta et al., 2013; Zhang et al., 2010).

In causal approaches that rely on temporal correspondence, previous methods
achieved accurate temporal correspondence using sparse feature tracking (Schar-
wächter et al., 2014) or dense flow maps with a similarity function in feature space
(Miksik et al., 2013). Kundu et al. (2016) introduced feature space optimization for
spatio-temporal regularization in partitioned batches with overlaps. With CNNs, sev-
eral approaches (Gadde et al., 2017; Nilsson and Sminchisescu, 2018; Paul et al., 2020)
demonstrated propagating a feature map from the previous time step by warping it
using optical flow, and improved the temporal consistency between the estimation
over multiple frames. However, because those methods (Gadde et al., 2017; Nilsson
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and Sminchisescu, 2018; Paul et al., 2020) use off-the-shelf optical flow methods, their
accuracy depends on the accuracy of the off-the-shelf methods.

Motion estimation with semantics. The other unidirectional way has been explored
through exploiting semantic knowledge for motion estimation. Sevilla-Lara et al.
(2016) proposed a sequential approach for optical flow: the method first segments
the scene into three semantic categories (e. g. things, planes, and stuff), estimates
motion of these semantic parts individually, and then composes them in the end.
For scene flow, a couple of approaches exploits (Behl et al., 2017; Ren et al., 2017b)
moving object cues to separately model motion of moving objects and background,
and demonstrate better accuracy.

Joint semantic segmentation and optical flow estimation. Cheng et al. (2017) demon-
strated joint video object segmentation and optical flow estimation using two separate
CNNs with skip connections in the decoder part. Through a joint training, Cheng et al.
(2017) demonstrated improving the accuracy of both segmentation and optical flow.
Jiang et al. (2019) introduced a shared encoder CNN model that outputs disparity,
optical flow, and semantic segmentation through each decoder. Jiang et al. (2019)
showed that their joint model performs on par with separate models for each task but
sometimes with marginal improvement. Ding et al. (2020) introduced a CNN model
that jointly estimates video semantic segmentation and optical flow. Differently from
Cheng et al. (2017), Ding et al. (2020) include occlusion reasoning so that the estimates
on occluded areas do not affect the next frame, which increases the accuracy of both
tasks.

In Chapter 3, we also demonstrate the joint estimation of the two tasks and
overcome the limitation of previous unidirectional methods (Gadde et al., 2017;
Nilsson and Sminchisescu, 2018; Paul et al., 2020; Sevilla-Lara et al., 2016), in which
their accuracy is bounded by off-the-shelf methods they use. In contrast to previous
work on joint estimation (Cheng et al., 2017; Ding et al., 2020; Jiang et al., 2019), our
approach explicitly designs the motion model depending on its semantic information,
for instance, by constraining that static objects should follow relative camera motion.
This is different from the CNN-based methods (Cheng et al., 2017; Ding et al., 2020;
Jiang et al., 2019) that implicitly learn from data and thus lack explainability.

2.3.2 Occlusion

Occlusion is one of the phenomena that is observed in the 2D image coordinate when
motion exists in 3D space. Given a 3D scene with non-transparent objects, moving
objects or an ego-motion of the camera blocks the sight of other objects that are
no longer visible in the next frame. The areas, in the current image, that cannot be
observed in the next image are considered as occlusion. The areas that go out of
the image boundary and disappear in the next image are called Out-of-Bound (OoB)
pixels, which is also considered as occlusion. Fig. 2.8b and Fig. 2.8d visualize the
optical flow and the corresponding occlusion between the current frame (Fig. 2.8a)
and the next frame (Fig. 2.8c), as an example.
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(a) Current frame (b) Optical flow

(c) Next frame (d) Occlusion

Figure 2.8: Visualization of optical flow and occlusion: Visualization of the ground truth of
(b) optical flow and (d) occlusion between (a) the current frame and (c) the next
frame. Images are from MPI Sintel dataset (Butler et al., 2012).

Occlusion itself rather serves as supplementary information for other computer
vision objectives. For instance, in correspondence matching tasks such as optical flow,
descriptor matching, or semantic matching, accurate occlusion information provides
which areas are not reliable or do not need to attend. Occlusion also provides a
depth ordering cue in the 2D image space, and this can be informative for the video
interpolation task where foreground and background pixels need to be distinguished.

In the context of optical flow estimation, occlusion estimation is a well-known
chicken-and-egg problem that optical flow has been entangled with for a long time
(Alvarez et al., 2007; Kolmogorov and Zabih, 2001; Pérez-Rúa et al., 2016; Strecha
et al., 2004). Accurate knowledge of occluded areas is crucial for reliable optical flow
estimation in order to prevent non-occluded areas from being adversely affected
by occluded pixels. Yet, occlusion is a consequence of motion: accurate optical flow
estimation, conversely, is required for localizing occlusions reliably. In the following,
we briefly discuss how the previous literature has formulated the relationship between
the two tasks, and then connect with our contributions.

Occlusions as outliers. As discussed above, the chicken-and-egg problem of flow and
occlusion estimation becomes much simpler if occlusions are treated as outliers that
violate the basic optical flow assumptions (e. g., brightness constancy and/or forward-
backward flow consistency assumptions). A number of recent methods (Bailer et al.,
2015; Chen and Koltun, 2016; Gadot and Wolf, 2016; Güney and Geiger, 2016; Hu et al.,
2016; Li et al., 2015; Menze et al., 2015a) follow a common strategy for outlier filtering.
Based on a robust, truncated data term, they (i) separately estimate forward and
backward flow with an asymmetric method, (ii) conduct a bi-directional consistency
check, and (iii) interpolate flow into the outlier pixels in a post-processing stage.
With the aid of highly capable interpolation methods (Li et al., 2016; Revaud et al.,
2015), this pipeline has been regarded as a well-justified practice. However, occasional
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failures during post-processing are inevitable and irreversible, and thus constitute a
fundamental limitation.

In the supervised learning setup using CNNs, Zhao et al. (2020) demonstrated an
asymmetric occlusion-aware feature matching module that learns to estimate a rough
occlusion mask without explicit supervision and filters out the warped feature map
in the occluded area so that the doubled feature map does not affect the matching
process. In an un-/self-supervised way using CNNs, a series of works detect occlusion
(Meister et al., 2018; Wang et al., 2018) or estimate occlusion using a decoder (Janai
et al., 2018) and discard the occluded area when calculating their proxy loss functions.

Occlusions in a joint objective. An outlier is a failure of flow estimation, but an occlu-
sion is a consequence of motion, and can conversely be used as additional evidence
for estimating optical flow. Distinguishing between the two opens new possibilities.
A number of previous works consider occlusion explicitly in the formulation but
received less attention. We aim to bring them back into focus, revisit their ideas, and
highlight the importance of jointly handling occlusions as a feature complementary
to other recent trends, including the use of deep learning for appearance matching
(Bai et al., 2016; Dosovitskiy et al., 2015; Güney and Geiger, 2016; Ilg et al., 2017).

All methods in this category begin with including an occlusion variable in their
objective. Yet, they differ in the particular characteristics of occlusion utilized and
how these are formulated. One basic way to characterize occlusion stems from the
observation that brightness constancy mostly does not hold in occlusion areas due
to the non-existence of corresponding pixels. Several approaches (Sun et al., 2014a;
Unger et al., 2012; Xiao et al., 2006) adopt a constant penalty (or truncated cost) in
the data term so that it can (i) naturally lead to occluded pixels taking the constant
penalty rather than a potentially higher matching cost, and (ii) explicitly exclude their
matching cost from the objective (e. g., as visualized in Fig. (6) of Sun et al. (2014a)).
However, this property alone is not sufficient (Xiao et al., 2006) as it is impossible to
discriminate between occluded pixels and pixels with strong illumination changes,
which both violate the assumption.

Introducing a forward-backward consistency constraint into the objective function is
another useful strategy. Its benefit is that pixels are forced to be either visible and
satisfy the bi-directional flow consistency, or are identified as occlusions (Ince and
Konrad, 2008). This condition provides an additional cue for joint estimation. Yet, one
should not forget that occlusion is a consequence of two different motions causing
one pixel to geometrically occlude another. Layered optical flow models (Sun et al.,
2014a; 2010b) or 3D scene flow methods (Vogel et al., 2014) can explicitly model
the local depth relationship between layers and estimate occlusions simultaneously.
Similarly, one can calculate overlapping areas between two triangular patches and
detect occlusions by comparing the photometric cost (Kennedy and Taylor, 2015).
Calculating the divergence of the motion field (Ballester et al., 2012) or finding
unique configurations of corresponding pixels (Kolmogorov and Zabih, 2001; Unger
et al., 2012) can be alternative approaches. Alvarez et al. (2007) exploited symmetry
properties for jointly estimating optical flow and occlusion by encouraging forward-
backward flow consistency between corresponding pixels.
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More recently using CNNs, Ilg et al. (2018) proposed a supervised learning ap-
proach for jointly estimating optical flow and occlusion, as well as depth and motion
boundaries.

In Chapter 4, we demonstrate a symmetric approach that explicitly integrates
occlusions into the objective in order to exploit them as an important cue for the flow
itself. Unlike the approaches considering occlusions as outliers (Bailer et al., 2015;
Chen and Koltun, 2016; Gadot and Wolf, 2016; Güney and Geiger, 2016; Hu et al., 2016;
Li et al., 2015; Menze et al., 2015a), our integrative approach simultaneously estimates
flow in both directions and thus encourages bi-directional consistency of the flow
as part of the formulation, which naturally makes any post-processing unnecessary.
Furthermore, our model exploits the relations and symmetry properties between
optical flow and occlusion jointly and more completely than previous works, leading
to significant benefits in accuracy.

In Chapter 5, we also demonstrate a CNN architecture that jointly estimates optical
flow and occlusion. Our method is a supervised-learning approach similar to Ilg
et al. (2018), but demonstrates improving the flow accuracy with occlusion estimation,
unlike Ilg et al. (2018).

2.3.3 Depth

In this dissertation, we are interested in estimating depth using two temporally
consecutive frames. Unlike the stereo matching problem using rectified stereo images
with a given baseline distance, we aim to estimate depth in a more general but
challenging case where two frames are taken from the same (moving) camera, with
unknown camera ego-motion.

Recently, a number of Deep Neural Network (DNN)-based approaches have demon-
strated depth estimation using multiple images or even a single monocular image
(Chen et al., 2019; Lai et al., 2019; Ranjan et al., 2019; Yang et al., 2018; Yin and Shi,
2018; Zhu et al., 2019; Zou et al., 2018b). The key idea is to learn scene prior knowl-
edge from training samples, sometimes jointly estimating with motion, ego-motion of
the camera, and knowledge of moving objects. Here, we mainly discuss the work that
jointly estimates depth with motion.

Joint estimation of optical flow and depth. Along with the recent advances in CNNs,
a couple of works (Ummenhofer et al., 2017; Zhou et al., 2018) demonstrated jointly
estimating depth and ego-motion by exploiting motion parallax in a supervised
learning setup. However, relatively poor generalization to real world images or
not being able to handle moving objects limits their applicability towards general,
dynamic scenes.

In contrast, a number of methods (Chen et al., 2019; Lai et al., 2019; Ranjan et al.,
2019; Yang et al., 2018; Yin and Shi, 2018; Zhu et al., 2019; Zou et al., 2018b) recently
demonstrated joint estimation of optical flow and depth by training CNNs in an
unsupervised or self-supervised manner. Though their accuracy is not competitive to
the supervised-learning approaches yet, it drew attention that it is possible to jointly
estimate multiple tasks (e. g. depth, motion, camera motion, or moving object mask)
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by directly training in the target domain without annotated data. The key technical
idea is to exploit the view synthesis as a proxy task: one trains the network to output
motion, depth, and/or ego-motion in order to properly synthesize the reference view
from the next view, based on two-view geometry.

In Chapter 6, we demonstrate estimating depth and 3D scene flow using CNNs
with a single, joint decoder. Previous multi-task approaches (Luo et al., 2019; Yang
et al., 2018) demonstrated estimating depth and 2D optical flow, which possibly
reconstructs scene flow from their outputs; yet, these methods yield limited scene
flow accuracy due to being limited to non-occluded regions. In contrast, our method
directly estimates 3D scene flow with a CNN so that we naturally bypass this problem.
Besides, while these multi-task CNN methods often require complex training schedules
to balance between multiple decoders, our method demonstrates using a simple,
practical training schedule by virtue of using a single joint decoder.
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Information on Plausible Physical Motion

Accurate Pixel-Level Temporal Correspondences 

Optical Flow Semantic Segmentation

Figure 3.1: Our joint objective: Optical flow provides accurate pixel-level temporal correspon-
dences to semantic segmentation, and semantic knowledge provides information
on physically plausible motion for optical flow estimation.
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As discussed in Chapter 1, we explore our first joint objective in this chapter:
optical flow and semantic segmentation. Given two temporally consecutive

frames, we propose a method for the joint estimation of optical flow and temporally
consistent semantic segmentation, which closely connects these two problem domains
and allows each task leverage the other. Semantic segmentation provides information
on plausible physical motion to its associated pixels, and accurate pixel-level temporal
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correspondences enhance the accuracy of semantic segmentation in the temporal
domain. We demonstrate the benefits of our approach on the KITTI benchmark,
where we observe performance gains for both flow and segmentation. Our method
substantially outperforms direct competitors on challenging, but crucial dynamic
objects.

3.1 introduction

Visual scene understanding from movable platforms has gained increasing attention
in part due to the active development of autonomous systems and vehicles. Semantic
segmentation and dense motion estimation are two core components of dynamic scene
understading. Attributable to the establishment of public benchmarks (e. g., KITTI
(Geiger et al., 2012; Menze et al., 2015b; 2018), MPI Sintel (Butler et al., 2012), or
Cityscapes (Cordts et al., 2016)), the performance of techniques, popularity and
importance of both areas have been increasing and well acknowledged. In line with
this, a growing body of literature focuses on how to bridge the two themes efficiently
and discover additional benefits that each task can obtain from the other.

There have been a few preliminary attempts to utilize optical flow to enforce
temporal consistency of semantic segmentation in a video sequence (Chen and Corso,
2011; Grundmann et al., 2010; Miksik et al., 2013). Also, segmention of the scene into
superpixels (without clear semantics) has been shown to help estimate more accurate
optical flow, assuming that object boundaries may lead to motion boundaries (Sun
et al., 2014a; Yamaguchi et al., 2013; 2014). Strictly speaking, however, previous work
has simply used the results from one task to supplement the other, and attempts to
investigate a close relationship between the two tasks remain lacking. The accuracy
of off-the-shelf motion estimation algorithms is not settled yet (Chen and Corso,
2011; Miksik et al., 2013). The only exception is the work by Sevilla-Lara et al. (2016),
which uses both semantic information and segmentation to increase the accuracy of
optical flow; however, it did not consider the benefits of temporal correspondence for
semantic labeling. Please refer to Section 2.3.1 for a more comprehensive literature
review.

In this chapter, we address this gap and present an approach for joint optical flow
estimation and temporally consistent semantic segmentation from a monocular video,
in which each task leverages the other. Fig. 3.2 shows the overview of our method. We
begin with the assumption that a bottom-up semantic segmentation for each frame
is given. Then we estimate accurate optical flow fields by exploiting the semantic
information from the given semantic segmentation. The benefit of having semantic
labels is that they can yield information on the likely physical motion of the associated
pixels. At the same time, accurate pixel-level correspondence between consecutive
frames can establish temporally consistent semantic segmentation and help refine the
initial results.

We make two major contributions in this chapter. First, we introduce an accurate
piecewise parametric optical flow formulation, which itself already outperforms
the state of the arts, particularly on dynamic objects. Our formulation explicitly
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Figure 3.2: Overview of our approach. The red arrows contribute to optical flow estimation,
and the blue arrows ensure temporal consistency of the semantic segmentation,
both given two frames. Input images are overlayed with superpixels. The images
highlighted in color defines the output of our method.

handles occlusions to prevent the data term from excessively influencing the results in
occlusion areas. As a result, our method additionally provides occlusion information
such as occlusion masks and occlusion types. Our second contribution is the joint
estimation of optical flow and temporally consistent semantic segmentation in a
monocular video setting. For the flow estimation, we additionally apply the epipolar
constraint for pixels that should be consistent with the camera ego-motion, as inferred
by the semantic information. At the same time, accurately estimated flow helps enforce
temporal consistency on the semantic segmentation. We effectively conceptualize
these ideas in our joint formulation and make them feasible using inference based on
PatchMatch Belief Propagation (PMBP) (Besse et al., 2013).

Our experiments on the popular KITTI dataset show that our method yields state-of-
the-art results for optical flow. For estimating flows on dynamic foreground objects,
which are particularly crucial for autonomous navigation, our method substantially
outperforms all published optical flow algorithms in the benchmark at the time of
the benchmark submission.

3.2 approach

The core idea put forward in this chapter is that optical flow and semantic segmenta-
tion are mutually beneficial and are best estimated jointly to simultaneously improve
each other. Fig. 3.2 shows the flow of our proposed method in the temporal domain
and explains which elements contribute to achieving which task. Here, we assume
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that some initial bottom-up semantic evidence is already given by an off-the-shelf
algorithm, such as a CNN (e. g., Long et al. (2015)), which is subsequently refined by
having temporal consistency. As highlighted in red, a pair of consecutive images and
their refined semantic segmentation contribute to estimating optical flow more accu-
rately. At the same time, as highlighted in blue, the temporally consistent semantic
labeling at time t+ 1 is inferred from its bottom-up evidence, the previously estimated
semantic labeling at time t, and the estimated flow map. For longer sequences, our
approach proceeds in an online manner on two frames at a time.

Similar to Yang and Li (2015), our formulation is based on an 8-DoF piecewise-
parametric model with a superpixelization of the scene. Superpixels play an important
role in our formulation for connecting the two different domains: optical flow and se-
mantic segmentation. One superpixel represents a global motion as well as a semantic
label for its pixels inside, and the motion is constrained by the physical properties that
the semantic label implies. For example, the motion of pixels corresponding to some
physically-static objects (e. g., building or road) can only be caused by camera motion.
Thus, enforcing the epipolar constraint on those pixels can effectively regularize their
motion. This is different from previous works that rely on the epipolar constraint
for estimating motion, which demonstrate an inherent limitation for handling inde-
pendently moving objects whose motion usually violates the constraint (Kitt and
Lategahn, 2012; Mohamed et al., 2015; Yamaguchi et al., 2013; 2014).

Another important feature of our formulation is that we explicitly formulate the
occlusion relationship between superpixels (Yamaguchi et al., 2013; 2014) and infer
the occlusion mask as well. This directly affects the data term such that it prevents
occluded pixels from dominating the data term during the optimization.

3.2.1 Preprocessing

Superpixels. As superpixels generally tend to separate objects in images, they can
be a good medium for carrying semantic labels and representative motions for their
pixels. Our approach uses the recent state-of-the-art work of Yao et al. (2015), which
has shown to be well suited for estimating optical flow.

Semantic segmentation. For the bottom-up semantic evidence, we use an off-the-shelf
Fully Convolutional Network (FCN) (Long et al., 2015) trained on the Cityscapes
dataset (Cordts et al., 2016), which contains typical objects frequent in street scenes.

Fundamental matrix estimation. In order to apply the epipolar constraint on su-
perpixels for which their semantic label tells us that they are surely static objects
(e. g., roads, buildings, etc.), our approach requires the fundamental matrix resulting
from the camera motion. We use a standard approach, i. e. matching SIFT keypoints
(Lowe, 2004) and using the 8-point algorithm (Hartley, 1997) with RANSAC (Lourakis,
2011).
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3.2.2 Model

Our model jointly estimates (i) the optical flow between reference frame It and the
next frame It+1, and (ii) a temporally consistent semantic segmentation lt+1 given
bottom-up semantic evidence l̂t+1 and the previously estimated semantic labeling lt.
l is a semantic label probability map, which has the same size as the input image and
L channels, where L is the number of semantic classes. Instead of using a single label,
we adopt label probabilities so that we can more naturally and continuously infer the
semantic labels in the time domain. Note that we assume an online setting (i. e., no
access to future information) and hence infer the segmentation at time t + 1 rather
than t. Optical flow is represented by a set of piecewise motions of superpixels in the
reference frame. We define the motion of a superpixel through a homography and
formulate the objective for estimating the 8-DoF homography Hs of each superpixel s
and the temporally consistent semantic segmentation lt+1 as:

E(H, lt+1, o, b) = ED(H, o) + lLEL(H, lt+1, o)
+ lPEP(H) + lCEC(H, o, b) + lBEB(b),

(3.1)

consisting of color data term ED, label data term EL, physical constraint term EP,
connectivity term EC, and boundary occlusion prior term EB.

We adopt two kinds of occlusion variables: the boundary occlusion label b between
two superpixels, and the occlusion mask o defined at the pixel level. The boundary
occlusion label b regularizes the spatial relationship between two neighboring super-
pixels (i. e., co-planar, hinge, left occlusion, or right occlusion) (Yamaguchi et al., 2013;
2014). The occlusion mask o explicitly models whether a pixel is occluded or not. One
important difference to previous superpixel-based work (Yamaguchi et al., 2014) is
that we additionally infer a pixelwise occlusion mask, which prevents occluded pixels
from adversely affecting the data cost.

Data terms. The data terms aggregate photometric differences

ED(H, o) = Â
s2S

1
|s| Â

p2s
(1� op)rD

⇣
It(p), It+1(p0)

⌘
+ oplo

| {z }
image data

(3.2)

and semantic label differences

EL(H, lt+1, o) = Â
s2S

1
|s| Â

p2s
fl(H, lt+1

p0 , o) (3.3a)

where

fl(H, lt+1
p0 , o) =

1
2

L

Â
i
(1� op)

���lt+1
p0,i � (al̂t+1

p0,i + (1� a)lt
p,i)

���
2

(3.3b)

over each pixel of each superpixel. Here, p0 is the corresponding pixel in It+1 of
pixel p in It, which is determined according to the homography HS(p) 2 R3⇥3 of its
superpixel:

p0 = HS(p)p, (3.4)
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Temporal-consistent Semantic Segmentation  
from a Monocular Video

Motion: following 2D homography matrix in the image coordinate

5

Figure 3.3: Physical constraint term is only applied on the (super)pixel belonging to physically
static objects which 2D motion should follow the epipolar motion (e. g., the red
superpixel on the road vs. the blue superpixel on the vehicle).

where S : It ! S is a mapping that assigns a pixel p to its superpixel s 2 S.
In the image data term in Eq. (3.2), the function rD(·, ·) measures the photometric

differences between two pixels using the ternary transform (Stein, 2004) and a trun-
cated linear penalty. If a pixel p is occluded (i. e., op = 1), a constant penalty lo is
applied.

The label data term in Eq. (3.3a) measures the distance between two semantic label
probability distributions over each pixel: (i) our estimation lt+1

p0 and (ii) a weighted
sum of the previous estimation lt

p, which is propagated by the optical flow, and the
bottom-up evidence l̂t+1

p0 , while considering its occlusion status. The motivation of
the term is to penalize label differences to the bottom-up evidence and at the same
time propagate label evidence over time, except when an occlusion takes place.

Physical constraint term. Semantic labels can provide useful cues for estimating
optical flow. If pixels are labeled as physically static objects, such as building, road,
or infrastructure (e. g., the red-colored superpixel in Section 3.2.2), then they normally
do not undergo any 3D motion, hence their observed 2D motion is caused by camera
motion and should thus satisfy the epipolar constraint. We define the corresponding
term as

EP(H) = Â
s2S

min(fP(s, Hs), lnon_st + b[lt
s 2 Lst]), (3.5)

where

fst(s, Hs) =
1
|s| Â

p2s

���p0>Fp
���

1
=

1
|s| Â

p2s

���(HS(p)p)>Fp
���

1
(3.6)

measures how well the homography matrix Hs of a superpixel s meets the epipolar
constraint from the fundamental matrix F. For non-static objects, such as pedestrians
or vehicles (e. g., the blue-colored superpixel in Section 3.2.2), we still apply the
epipolar penalty, however a weak one using a low truncation threshold lnon_st. This
is motivated by the fact that possibly dynamic objects may in fact stand still and thus
obey epipolar geometry, but we do not want to penalize them too much if they do not.
For static objects, on the other hand, we augment the truncation threshold by b in
order to give a stricter penalty. Lst is the set of semantic labels that corresponds to the
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Figure 3.4: Boundary relatinship between superpixels: (a) Four cases of boundary relations
between two superpixels: co-planar, hinge, left occlusion, and right occlusion. (b)
The visualization of the set of occluded pixels Wsi!sj in the case of a left occlusion
(black-colored region).

physically static objects. ls is a representative semantic label of superpixel s, which
has the highest probability over the pixels in the superpixel: ls = argmaxi Âp2s lt

p,i.

Connectivity term. The connectivity term encourages the smoothness of motion
between two neighboring superpixels based on their occlusion relationship:

EC(H, o, b) = Â
si⇠sj

fC(Hsi , Hsj , o, bij) (3.7)

with

fC(Hsi , Hsj , o, bij) =

8
>>>><

>>>>:

fco(Hsi , Hsj , o) if bij = co-planar,

fh(Hsi , Hsj , o) if bij = hinge,

focc(si, sj, o) if bij = left occlusion,
focc(sj, si, o) if bij = right occlusion.

(3.8)

As shown in Fig. 3.4a, the boundary occlusion flag bij expresses the relationship
between two neighboring superpixels si and sj as co-planar, hinge, left-occlusion, or
right-occlusion (Yamaguchi et al., 2013; 2014). This categorization helps to regularize
the motion of two superpixels defined by their homography matrices. We distinguish
between three different potentials:

fco(Hsi , Hsj , o) =
1

|si [ sj| Â
p2si[sj

kHsi p�Hsj pk1 + Â
p2si[sj

limp[op = 1] (3.9a)

fh(Hsi , Hsj , o) =
1

|Bsi ,sj |
Â

p2Bsi ,sj

kHsi p�Hsj pk1 + Â
p2si[sj

limp[op = 1] (3.9b)

focc(sf, sb, o) = Â
p2sb

⇣
limp[p 2 Wsf!sb ][op = 0] (3.9c)

+ limp[p /2 Wsf!sb ][op = 1]
⌘
+ Â

p2sf

limp[op = 1]

These are motivated as follows: When two superpixels are co-planar, all pixels within
should follow the identical homography matrix as they are on the same plane. For a
hinge relationship, only the pixels on the boundary set Bsi ,sj can satisfy the motion
from two superpixels si and sj. In both cases, there should be no occluded pixels,
hence we adopt a very large ’impossible’ penalty limp to prevent occluded pixels
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from occurring. In case that one superpixel occludes another, their motions only affect
the occlusion masks. Eq. (3.9c) expresses the case that pixels of the front superpixel sf
occlude some pixels of the back superpixel sb. As shown in Fig. 3.4b, Wsf!sb is a set
of pixels in sb that is occluded by some pixels in sf from the motion. All pixels in the
front superpixel sf should not be occluded, and only pixels in the set of Wsf!sb in sb
should be occluded.

Boundary occlusion prior. Without an additional prior term, the boundary occlusion
flag in the connectivity term would prefer to take the occlusion cases. We thus define
a prior term to yield proper biases for each case:

EB(b) =

8
>><

>>:

lco[lsi 6= lsj ] if bij = co-planar,

lh if bij = hinge,
locc if bij = occlusion,

(3.10)

where locc > lh > lco > 0. Because it is less likely that two different objects are
co-planar in the real world, we only apply the prior penalty for the co-planar case lco
when the respective semantic labels of the superpixels differ.

3.2.3 Optimization

The minimization of our objective is challenging, as it combines discrete (i. e., {lt+1, b,
o}) and continuous (i. e., H) variables. We use a block coordinate descent algorithm.
As shown in Alg. 1, we iteratively update each variable in the order: (i) homography
matrices H for superpixels, (ii) occlusion variables b, o, and (iii) semantic label proba-
bility maps lt+1. Optimizing the homography matrices H is especially challenging
because the matrices have 8-DoF in 2D space and their parameterization incurs a
high-dimensional search space. We address this using PMBP (Besse et al., 2013); see
below for details.

Once the motion H is updated, occlusion variables can be easily updated indepen-
dently for each pair of neighboring superpixels, while other variables are held fixed.
Given their motions, we first calculate the overlapping region, which can potentially
be the occluded region for one of the two superpixels. Then, we calculate the energy
in Eq. (3.1) for all four boundary occlusion cases with the candidate occlusion pixels
given. The boundary occlusion case that has the minimum energy is taken, including
the corresponding occlusion mask state. Finally, the semantic label probability map
lt+1 can also be easily updated independently for all superpixels by minimizing label
data term in Eq. (3.3a).

Optimizing homography matrices using PMBP. Our method optimizes the homogra-
phy matrices in the continuous domain using PMBP (Hornáček et al., 2014). PMBP is a
simple but powerful optimizer based on Belief Propagation. Instead of using a discrete
label set, PMBP uses a set of particles that is randomly sampled and propagated in the
continuous domain. PMBP requires an effective way of proposing the random particles;
typically they are obtained from a normal distribution defined over some parameters.



3.3 experiments 45

Algorithm 1: Optimization

initialization();
for m = 1 to n-outer-iters do

for n = 1 to n-inner-iters do
Optimizing E(H, lt+1, o, b) for H using PMBP

end
{b, o} = argminb,o E(H, lt+1, o, b)
lt+1 = argminlt+1 E(H, lt+1, o, b)

end

In our approach, however, we devise several strategies for proposing particles of the
homography matrices without over-parameterization. Between two image patches, a
superpixel and its corresponding region in the other frame, we estimate the homogra-
phy matrix by using (i) Lucas Kanade (LK) warping, (ii) 3 correspondences and the
fundamental matrix, (iii) 4 randomly perturbed correspondences, and (iv) sampled
correspondences from neighboring superpixels. Empirically, we find that these strate-
gies generate reasonable particles without requiring an over-parameterization, and
only 5 outer-iterations are enough to be converged.

3.3 experiments

We verify the effectiveness of our approach with a series of experiments on the
well-established KITTI benchmark (Geiger et al., 2012).

We first evaluate our optical flow results on the KITTI Optical Flow 2015 benchmark
(Menze et al., 2015b; 2018) and compare to the top-performing algorithms in the
benchmark. In addition, we analyze the effectiveness of the semantics-related terms to
understand how effectively the semantic information contributes to the estimation of
optical flow. Finally, we demonstrate qualitative and quantitative results for temporally
consistent semantic segmentation. We use DiscreteFlow (Menze et al., 2015a) to
initialize the flow estimation and utilize the FCN model (Long et al., 2015) trained
on the Cityscapes dataset (Cordts et al., 2016) for bottom-up semantic segmentation
evidence. We set our parameters automatically using Bayesian optimization (Martinez-
Cantin, 2014) on the training portion.

3.3.1 KITTI 2015 optical flow

We compare to the top-scoring optical flow methods on the KITTI Optical Flow 2015
benchmark (Menze et al., 2015b; 2018), which have been published at the time of sub-
mission. Note that we do not consider scene flow methods here, as they have access
to multiple views. Table 3.1 shows the results. Fl-bg, Fl-fg, and Fl-all denote the flow
error evaluated for background pixels only, foreground pixels only, or for all pixels,
respectively. Our method outperforms all top-scoring methods when considering all
non-occluded pixels and performs very close to the leading method when considering
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Non-occluded pixels All pixels

Method Fl-bg Fl-fg Fl-all Fl-bg Fl-fg Fl-all

MotionSLIC (Yamaguchi et al., 2013) 6.19% 64.82% 16.83% 14.86% 66.21% 23.40%

PatchBatch (Gadot and Wolf, 2016) 10.06% 26.21% 12.99% 19.98% 30.24% 21.69%

DiscreteFlow (Menze et al., 2015a) 9.96% 22.17% 12.18% 21.53% 26.68% 22.38%

SOF (Sevilla-Lara et al., 2016) 8.11% 23.28% 10.86% 14.63% 27.73% 16.81%
Ours (JFS) 7.85% 18.66% 9.81% 15.90% 22.92% 17.07%

Table 3.1: KITTI Optical Flow 2015 (Menze et al., 2015b; 2018): Comparison to the published
top-performing optical flow methods in the benchmark: MotionSLIC, PatchBatch,
DiscreteFlow, and SOF. Our method leads to state-of-the-art results and significantly
increases the performance on challenging dynamic regions (fg).

Figure 3.5: Results on KITTI Optical Flow 2015 (Menze et al., 2015b; 2018). Left: Source
images overlaid with semantic segmentation results. Middle: Our flow estimation
results. Right: Qualitative comparison with DiscreteFlow: gray pixels – both
methods correct, skyblue pixels – our method is correct but DiscreteFlow is not,
red pixels – DiscreteFlow is correct but ours is not, and yellow pixels – both failed.

all pixels. Especially for the flow of dynamic foreground objects, our method outper-
forms all published results by a large margin. This is of particular importance in the
domain of autonomous navigation where understanding the motion of other traffic
participants is crucial. This substantial performance gain stems from several design
decisions. First, our piecewise motion representation effectively abstracts the planar
surfaces of foreground vehicles, and the 8-DoF homography successfully describes the
rigid motion of each surface.

The soft epipolar constraint of our model, derived from the jointly estimated
semantics, contributes to the flow estimation particularly on background pixels
and clear performance gains are observed for non-occluded pixels. When including
occluded pixels, however, SOF (Sevilla-Lara et al., 2016) slightly outperforms ours.
The main reason is that their localized layer approach and planar approximation
with large pieces can regularize the occluded regions better than our piecewise
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Usage of terms Non-occluded pixels All pixels

Label Epi Fl-bg Fl-fg Fl-all Fl-bg Fl-fg Fl-all

3 3 8.27% 17.40% 9.83% 16.44% 20.02% 16.98%
3 8.45% 16.97% 9.90% 16.73% 19.61 % 17.17%

3 8.20% 17.82% 9.84% 16.35% 20.41% 16.99%

8.51% 17.21% 10.00% 16.84% 19.86% 17.31%

Table 3.2: Effectiveness of semantic-related terms: The performance of our basic piecewise
optical flow model is boosted further (KITTI 2015 training set).

model based on superpixels. In future work, this gap may be addressed through an
additional global support model or coarse-to-fine estimation. MotionSLIC (Yamaguchi
et al., 2013) still performs better than ours on background pixels by strictly enforcing
the epipolar constraint. As a trade-off, however, their strict epipolar constraint yields
significant flow errors for foreground pixels and eventually increases the overall error.

Figure 3.5 shows visual results on the KITTI dataset (visualized as in Sevilla-Lara
et al. (2016)) and provides a direct comparison to DiscreteFlow, which highlights
where the performance gain over the initialization originates. Our method provides
more accurate flow estimates on foreground objects, but also on static objects.

3.3.2 Effectiveness of semantic-related terms

Next we analyze the effectiveness of the semantic-related terms, the epipolar con-
straint term and the label data term, in order to understand how much the semantic
information contributes to optical flow estimation over our basic piecewise optical
flow model. We turned off each term and evaluated how each setting affects the flow
estimation results on the KITTI Flow 2015 training dataset. The analysis is shown in
Table 3.2.

We find that the label term clearly contributes to more accurate flow estimation
overall, but it has a side-effect on background areas where the initial semantic
segmentation may have some outliers. Using the epipolar constraint term results in
more accurate flow estimates on background areas, which majorly satisfy the epipolar
assumption. On foreground objects, however, the flow error slightly increases. This
performance loss is coming from the trade-off of our assumption that non-static
objects (e.g., vehicles) sometimes do not move, which made us apply the epipolar
cost but with a small truncation threshold.

One interesting observation is that our basic piecewise flow model, without the
semantic-related terms, still demonstrates competitive performance for estimating
optical flow on non-occluded pixels.
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FCN 69.35 78.53 73.75 38.19 33.33 68.37 23.68 77.60 31.27 20.11 21.42 48.69

Ours 71.80 79.97 77.99 41.01 36.27 69.21 16.44 78.58 39.05 23.50 25.44 50.84

Table 3.3: Performance of temporally consistent semantic segmentation: Our temporally
consistent estimation improves the accuracy over the bottom-up segmentation
results, FCN (Long et al., 2015).

FCN

Ours

time t� 1 time t time t + 1

(a) Results on three consecutive frames.

(b) Performance gain/loss over bottom-up semantic segmentation.

Figure 3.6: Qualtiative example of our temporally consistent semantic segmentation im-
proved over the bottom-up segmentation results, FCN (Long et al., 2015).

3.3.3 Temporally consistent semantic segmentation

We finally evaluate the performance of our temporally consistent semantic segmen-
tation on a sequence from the KITTI dataset, which has a 3rd-party ground truth
semantic annotation (Ros et al., 2015). This, however, is a preliminary result, since
the semantic segmentation model we used here is trained on the higher-resolution
Cityscapes dataset (Cordts et al., 2016), which possesses somewhat different statistics.
Better results are expected from a custom-trained model. Table 3.3 shows that our
joint approach increases the segmentation accuracy over the bottom-up segmentation
results (Long et al., 2015) by 2 percentage points in the Intersection over Union (IoU)
metric. The accuracy is increased on all object classes except for the pole class, which is
not well captured by our superpixels. Fig. 3.6a shows our results on three consecutive
frames, and Fig. 3.6b demonstrates our performance gain/loss over the bottom-up
segmentation using the visualization of Fig. 3.5. With the aid of accurate temporal
correspondences, our method revises inconsistent results and effectively reduces false
positives in the time domain.
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3.4 discussion

We have proposed a method for the joint estimation of optical flow and temporally
consistent semantic segmentation from a sequence of monouclar images. Our results
on the challenging KITTI benchmark demonstrated that each task can successfully
benefit from the other through the joint formulation. Based on a piecewise optical
flow model with PMBP inference, which already shows highly competent results,
embedding semantic information through label consistency and epipolar constraints
further boosts the performance. For dynamic objects, which are particularly important
in autonomous navigation research, our method substantially outperforms all prior
studies reported in the benchmark. Preliminary results on temporally consistent
semantic segmentation further demonstrate the benefit of our approach by reduc-
ing false positives and flickering. However, our method relies on somewhat strong
assumptions that can lead potential limitations of our method. Unless reliable seman-
tic bottom-up evidence is given, noisy semantic cue may cause inaccuracy on flow
estimation due to the strong epipolar constraints for static objects and the semantic
consistency term. Furthermore, inaccuracy on the superpixelization (e. g. when a
superpixel lies on two diffent moving objects.) would also cause errors on the flow
estimation because our method estimates one 8-DoF homography motion per each
superpixel. As future work, we believe that learning-based approaches can resolve
such limitations, e. g., by learning to compensate noises on the input signal. For joint
optical flow and occlusion estimation, we demonstrate a learning-based approach in
Chapter 5, which advances a energy-based approach in Chapter 4.





4
A S Y M M E T R I C A P P R O A C H T O J O I N T O P T I C A L F L O W A N D
O C C L U S I O N E S T I M AT I O N

Consequence of Motion

Outlier (Non-Existing Correspondence)

OcclusionOptical Flow

Figure 4.1: Chicken-and-egg relationship between optical flow and occlusion: Accurate
knowledge of occluded areas is crucial for reliable optical flow estimation. Yet
conversely, accurate estimation of optical flow is required for localizing occlusions
reliably.
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Optical flow estimation is one of the most studied topics in computer vision; yet,
recent benchmark datasets continue to question today’s approaches, leaving

occlusions as one of the key challenges. As our second joint objective with motion
estimation, in this chapter, we propose a joint estimation approach to optical flow
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and occlusion by addressing the well-known chicken-and-egg relation between the
two objectives. In contrast to many state-of-the-art methods that consider occlusions
as outliers, possibly filtered out during post-processing, we highlight the importance
of joint occlusion reasoning in the optimization and show how to utilize occlusion
as an important cue for optical flow estimation. The key feature of our model is to
fully exploit the symmetry properties that characterize optical flow and occlusions
in the two consecutive images. Specifically through utilizing forward-backward
consistency and occlusion-disocclusion symmetry in the energy, our model jointly
estimates optical flow in both forward and backward directions, as well as consistent
occlusion maps in both views. We demonstrate significant performance benefits on
standard benchmarks, especially from the occlusion-disocclusion symmetry. On the
challenging KITTI benchmark, we report the most accurate two-frame results at the
time of publication.

4.1 introduction

Optical flow estimation has been studied extensively for several decades. Yet, recent
optical flow benchmark datasets (Butler et al., 2012; Menze et al., 2015b; 2018) reveal
challenges that current methods still have. Occlusion is one of them alongside complex
motion and severe illumination changes. Thus, proper occlusion handling, especially
in the presence of large motion, plays a critical role in determining the extent of a
method’s success in challenging scenes.

Occlusion estimation is a well-known chicken-and-egg problem that optical flow has
confronted for a long time (Alvarez et al., 2007; Kolmogorov and Zabih, 2001; Pérez-
Rúa et al., 2016; Strecha et al., 2004). As illustrated in Fig. 4.1, accurate knowledge of
occluded areas is crucial for reliable optical flow estimation in order to prevent non-
occluded areas from adverse effects by occluded pixels. Occlusion is a consequence of
motion; in turn, estimation of accurate optical flow, conversely, is required for reliable
localization of occlusions. We thus posit that their mutual dependence necessitates
taking a joint approach for which no prior studies have explored to the extent possible.

As discussed in Section 2.3.2, the majority of recent work instead addresses this
challenging problem indirectly, considering occlusions outliers of low-level correspon-
dence estimation (Bailer et al., 2015; Chen and Koltun, 2016; Güney and Geiger, 2016;
Hu et al., 2016; Yang and Li, 2015). Such approaches aim to mitigate the effects of
occlusion by exploiting that occluded pixels generally violate the underlying model
assumptions as there are no corresponding pixels in the other frame. The use of a
robust, truncated penalty in the data term naturally reduces the effects of the high
data cost from occlusions, but also more generally from outlier pixels that violate
brightness constancy (Chen and Koltun, 2016; Menze et al., 2015a; Yang and Li, 2015).
As shown in Fig. 4.2a, those methods then separately estimate forward and backward
flow, check the forward-backward motion consistency in a subsequent post-processing
step, and extrapolate flow into inconsistent regions, which help resolve the motion
mismatch in the occluded area (Chen and Koltun, 2016; Gadot and Wolf, 2016; Hu
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(a) A conventional asymmetric approach
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Figure 4.2: Comparison between (a) a conventional asymmetric approach that requires post-
processing and (b) Our integrative, symmetric approach.

et al., 2016; Menze et al., 2015a) in the end. These simple procedures have been shown
to diminish the influence of occlusions in practice.

Such strategies, however, still cannot completely rule out the adverse effects of
occlusion in optical flow estimation. Using a truncated data term leaves the possibility
that occluded pixels can be incorrectly matched to other pixels for which the data
cost is lower than the truncation constant. Additionally, when extrapolating flow in
post-processing, false-positive matches may remain even after the forward-backward
consistency check and can cause erroneous estimates to be propagated across a
local region (Revaud et al., 2015). We thus argue that only the accurate localization
of occluded regions, formulated as a joint estimation together with the flow, can
fundamentally resolve this intertwined problem.

In this chapter, we address the chicken-and-egg problem of optical flow and
occlusion map estimation and propose a joint energy formulation and optimization
method. As shown in Fig. 4.2b, our approach directly utilizes their relationship and
allows them to leverage each other through forward and backward flow estimation
as well as occlusion maps for both directions altogether, as shown in Fig. 4.3. We
exploit two key symmetry properties of the optical flow field and the occlusion map
within the two consecutive images: forward-backward flow consistency and occlusion-
disocclusion symmetry. These symmetry properties not only couple optical flow with
occlusion, but also allow to exploit the geometric and temporal information in the
two consecutive images to a greater extent. Optical flow in occluded area cannot be
accuractely estimated due to non-existence of its correspondence, but our method
infers more accurate flow for occluded area than previous methods through better
occlusion localization and piece-wise smoothness.

The key contributions of this chapter are as follows. To the best of our knowl-
edge, we are the first to exploit the occlusion-disocclusion symmetry in joint optical
flow and occlusion estimation and show its significant accuracy gains. Second, we



54 a symmetric approach to joint optical flow and occlusion estimation

Figure 4.3: Results of our symmetric optical flow approach given two consecutive images
from the KITTI benchmark (Menze et al., 2015b; 2018). Our method jointly predicts
forward and backward optical flow (overlaid on top row, from left to right) as well as
corresponding occlusion maps for each view (overlaid on bottom row).

demonstrate how this joint, symmetric treatment combined with a piecewise rigid
formulation allows optical flow estimation without post-processing. At the time of
publication, our experimental results demonstrated state-of-the-art accuracy on public
benchmark datasets, where we improve the results especially in occluded areas. For
the challenging KITTI dataset, we reported the most accurate results among two-frame
methods, outperforming the approaches based on high-capacity deep networks (Bai
et al., 2016; Dosovitskiy et al., 2015; Güney and Geiger, 2016; Ilg et al., 2017). The fact
that we are able to do so without employing learning demonstrates the significant
benefits and strengths of our joint, symmetric flow and occlusion formulation.

4.2 joint, symmetric approach

From two consecutive images, we jointly estimate optical flow maps in both direc-
tions and corresponding occlusion maps by fully exploiting their symmetries. The
symmetry properties (i) couple the two different problem domains, (ii) better uti-
lize the available image evidence, and (iii) lead to a well-balanced solution during
optimization.

The first symmetry we consider is bi-directional motion consistency, i. e. motions
of corresponding pixels that are visible in both views should be the inverse of one
another. Unlike most previous work, we integrate this consistency in the energy,
which not only leads to better estimates of both forward and backward flow through
iterative optimization, but also obviates conventional post-processing.

Occlusion-disocclusion symmetry is the second property we consider, which geo-
metrically explains how occlusions arise from differing motions of dynamic entities.
As illustrated in the third and fourth column of Fig. 4.4, occlusions and disocclu-
sions demonstrate a symmetry relationship, i. e. occlusions in the forward direction
correspond to disocclusions in the backward direction and vice versa.
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Figure 4.4: Conceptual explanation of our approach: (top to bottom) first frame It, second
frame It+1; (left to right) forward/backward flow maps overlaid on each source
image, raw superpixel images, warping results given homography motions H, and
occlusion maps.

4.2.1 Piecewise rigid optical flow model

Our optical flow model is based on a piecewise rigid representation, which has
recently been found to allow the effective regularization of 8-DoF or 9-DoF rigid
motion of entities in images, yet still represent both diverse and general motions
(Hornáček et al., 2014; Hur and Roth, 2016; Menze and Geiger, 2015; Vogel et al.,
2013b; Yang and Li, 2015). We first decompose an image into a set of superpixels
(Yao et al., 2015) as shown in Fig. 4.4, and estimate the 8-DoF homography motion
H of each superpixel. Each superpixel represents a possible surface in the scene,
and the homography represents a locally rigid motion of the surface. Using this
model also facilitates formulating the occlusion-disocclusion symmetry property in a
comprehensive way, which will be explained below.

4.2.2 Joint energy with symmetries

Given the two consecutive images It and It+1 with their superpixel representations,
our model jointly estimates (i) the forward motion H f (i. e., It ! It+1) and the
backward motion Hb (i. e., It+1 ! It) of each superpixel, and (ii) the per-pixel
occlusion maps ot and ot+1 for each view. We formulate this through the energy

E(H f , Hb, ot, ot+1) = ED(H f , Hb, ot, ot+1)

+lPEP(H f , Hb, ot, ot+1)

+lCEC(H f , Hb, ot, ot+1)

+lSES(ot, ot+1),

(4.1)

which consists of a data term ED, a pairwise term EP, a forward-backward consistency
term EC, and an occlusion-disocclusion symmetry term ES.
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Data term. The data term accumulates photometric differences across all pixels in
both views given the 8-DoF homography motions of superpixels H and the per-pixel
occlusion masks op in both views:

ED(H f ,Hb, ot, ot+1) = Â
p2It

D f
p + Â

p2It+1

Db
p (4.2a)

with
D f

p = ot
p r

f
D
�
p, H f

sp

�
+ ot

plocc (4.2b)

Db
p = ot+1

p rb
D
�
p, Hb

sp

�
+ ot+1

p locc. (4.2c)

For a non-occluded pixel p (i. e., op = (1� op) = 1), the function rD(p, Hsp) measures
the truncated photometric error between pixel p and its corresponding pixel Hsp p in
the other frame. Hsp is the homography motion of superpixel sp at pixel position p.
We use a weighted sum of a gradient constancy term and a ternary transform (Stein,
2004), which is known to be robust under illumination changes (Hafner et al., 2013;
Vogel et al., 2013a; b). When the corresponding location Hsp p falls outside the image
boundary, rD(·, ·) outputs the truncation constant tD.

More specifically, we use a continuous version of the ternary transform, which can
improve localization (Vogel et al., 2013a) compared to the conventional discrete setting.
Furthermore, when calculating the ternary value in the other frame, we transform
7⇥ 7 patches from the reference frame to the other using the given homography
Hsp , and calculate the ternary transform based on the transformed patches. Using
this strategy yields a more comprehensive data cost that is invariant to local shape
deformation caused by the motion. We observe this to increase the flow accuracy; see
Appendix A.1 for details and quantitative analysis.

For occluded pixels (i. e., op = 1), the constant penalty locc is applied so that we
can avoid trivial cases in which all pixels are occluded or move outside the image
boundary. We set locc < tD so that pixels whose corresponding location is outside
of the image boundary can be naturally inferred as occluded pixels during the
optimization. Although occlusions are treated as outliers (i. e. the constant penalty) in
the data term, they serve as important visual cues and indirectly help estimate optical
flow through the occlusion-disocclusion symmetry term, which we present below.

Pairwise term. The pairwise term penalizes the motion differences and occlusion
status differences in an 8-neighborhood N(p):

EP(H f , Hb, ot, ot+1) = Â
p2It

P f
p + Â

p2It+1

Pb
p (4.3a)

with
P f
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i ⌘
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where lO is a weight for the pairwise occlusion cost and [·] denotes the Iverson bracket.
f(Hsp , Hsq , p̄) measures the difference of two motions induced by the homographies
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Hsp and Hsq at neighboring pixels p and q, evaluated in the middle between the pixels
p̄ = p+q

2 . This function distinguishes three different types of pairwise relationships
(Hur and Roth, 2016; Yamaguchi et al., 2013; 2014) in order to effectively express
geometric relations that two neighboring superpixels can have (e. g., co-planar, hinge,
others) in terms of their homography motion:

f(Hsp , Hsq , p̄) = wp,q · min(fco, fh, tP) (4.4a)
with

fco =
1

|sp [ sq| Â
pi2sp[sq

kHsp pi �Hsq pik (4.4b)

fh =kHsp p̄�Hsq p̄k+ lh, (4.4c)

where tP is a truncation constant and lh a constant bias. The intensity-adaptive
weight wp,q = exp(�|I(p)� I(q)|/sw) controls the strength of the pairwise term
depending on the intensity difference between two neighboring pixels.

The co-planar potential fco calculates the average difference of the homography
motions for all pixels within the union of the two superpixels, as they are on the same
plane by assumption. The hinge potential fh penalizes the motion difference only for
the middle pixel and applies a constant bias lh. For handling the remaining cases
such as occlusion or disocclusion, the truncation constant tP is used. Note that the
pairwise cost only becomes effective between neighboring pixels that belong to two
different superpixels. The cost between neighboring pixels in the same superpixel is
naturally zero, because the two pixels have the same associated homography motion.

The pairwise occlusion term simply encourages the spatial smoothness of the occlu-
sion states by penalizing their differences between neighboring pixels. If neighboring
pixels have differing occlusion states, the term incurs the constant penalty lO.

Forward-backward consistency term. Unlike conventional optical flow algorithms,
our model explicitly integrates forward-backward consistency1 into the objective
function (Ince and Konrad, 2008):

EC(H f , Hb, ot, ot+1) = Â
p2It

C f
p + Â

p2It+1

Cb
p (4.5a)
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�
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where p0 = H f
sp p and p00 = Hb

sp
p. The consistency term penalizes the Euclidean

distance between the position of pixel p and the back-projected position of the
corresponding pixel in the other frame, as illustrated in the first column of Fig. 4.4.
Thus, the term encourages the homography matrices from the two corresponding

1 This forward-backward consistency, by the way, also appears as a cycle consistency in other literatures,
e. g., generative models (Zhu et al., 2017a), domain adaptation (Hoffman et al., 2018), or self-supervised
representation learning (Wang et al., 2019a; Xiong et al., 2021), by imposing a cyclic consistency from
bi-directional outputs and using it as a self-supervised learning signal.
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points to be under an inverse relationship, providing a soft constraint on motions in
the opposite view, which improves the estimation as shown below. The function rC(·)
truncates its input at tC to be robust to possible outliers of flow or occlusion.

The term takes into account all pixels in both views, but applies the penalty only
if the pixel p and its corresponding pixel p0 or p00 in the respective other frame are
not occluded. This condition enforces pixels to be either occluded or their motion
to satisfy the bi-directional symmetry property. The condition may lead to a trivial
solution in which all pixels are marked as becoming occluded such that no penalties
arise from this term. However, the constant penalty locc in the data term, cf . Eq. (4.2b)
and Eq. (4.2c), prevents the solution from falling into this trivial case and balances
between visible pixels and occlusions.

Occlusion-disocclusion symmetry term. The occlusion-disocclusion symmetry term
plays the most important role in our model, and allows flow and occlusions to
mutually leverage one another. Specifically, the term penalizes cases in which the
occlusion-disocclusion symmetry relationship does not hold in both views:

ES(ot, ot+1) = Â
p2It

ot
p � Nt

p + Â
p2It+1

ot+1
p � Nt+1

p (4.6a)

with
Nt
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sp0

p0, 8p0 2 It
o��� . (4.6c)

The XNOR operation (e. g., 0� 0 = 1 and 1� 0 = 0) ensures that if a pixel p is
being occluded in one frame, then there cannot be any pixels in the other frame whose
motion maps to p. We explicitly detect disocclusion in each view, representing it with
the variables Nt

p and Nt+1
p , respectively. Nt

p denotes the number of pixels that are
mapped to p in It when warping pixels in It+1 to It given their corresponding motion
Hb

s . Nt+1
p is defined analogously by warping pixels from It to It+1 given the set of per-

superpixel homography motions H f
s . If no pixel is mapped to p in It+1 (i. e., Nt+1

p = 0),
the pixel p is being disoccluded, as visualized in the third column of Fig. 4.4. By
defining disocclusions solely as a result of the motion, their corresponding variables
do not need to be optimized directly, but are indirectly determined by the motion
Hb

s and H f
s . During the optimization, for example, occlusion at the current frame

indirectly helps estimate backward optical flow by encouraging the correspondence
between the occlusion and disocclusion detected from the backward optical flow. Vice
versa, the detected disocclusion from the backward optical flow also helps better
localization of the occlusion at the current frame as well.

In previous studies (Kolmogorov and Zabih, 2001; Unger et al., 2012), similar
concepts have been introduced in different forms by encouraging unique correspon-
dences between pixels visible in both views. Instead, we model symmetry between
occlusions and disocclusions while allowing multiple pixels to be mapped to a single
location (i. e., Np may be greater than 1), which is important when objects in the scene
change their apparent size. Moreover, we perform spatial regularization of occlusion
states, cf . Eqs. (4.3b) and (4.3c).
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Algorithm 2: Optimization
initialize optical flow and occlusion maps
for n = 1 to max-iteration do

// estimate forward flow
H f = argminH̃ f E(H̃ f , Hb, ot, ot+1)
// estimate occlusion map at time t + 1
update Nt+1

ot+1 = argminõt+1 E(H f , Hb, ot, õt+1)
// estimate backward flow
Hb = argminH̃b E(H f , H̃b, ot, ot+1)
// estimate occlusion map at time t
update Nt

ot = argminõt E(H f , Hb, õt, ot+1)
end

Algorithm 3: Optimizing H f

INPUT: a current solution of H f

// local expansion move
for each local region Ri do

{H f
s } propagation({H f

s | s 2 Ri})
{H f

s } randomization({H f
s | s 2 Ri})

end
// global expansion move
H f  propagation(H f )

4.2.3 Optimization

We jointly optimize the two different sets of variables – homography motions (i. e., H f

and Hb) and occlusion maps (i. e., ot and ot+1) – using a block coordinate descent
algorithm, which optimizes the variables alternatingly. As described in Alg. 2, we
first estimate the forward flow H f . Then, we update Nt+1 from forward flow H f and
estimate the occlusion map ot+1. The remaining variables Hb, Nt, and ot are updated
in turn in a similar manner.

Optimizing H f and Hb. Due to the difficulty of optimizing the continuous vari-
ables (e. g., stemming from the nonlinearity of the data term), we instead solve a
discrete multi-label optimization problem that collects a number of candidate homog-
raphy motions as proposal sets and then chooses the most suitable motion for each
superpixel using fusion moves or a-expansion with Quadratic Pseudo-Boolean Opti-
mization (QPBO) (Lempitsky et al., 2008; Rother et al., 2007; Taniai et al., 2014; Vogel
et al., 2013b). For an efficient optimization, we sequentially run expansion moves
locally on subgraphs of superpixels (e. g., a set of neighboring 30 superpixels with 70%
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overlap between each other)2 and then globally on all the superpixels as described
in Alg. 3. This strategy follows the similar approach in Taniai et al. (2017), which
defines subgraphs on multiple scales and optimizes them sequentially. We found
that this combined local and global optimization strategy yields a faster convergence
while avoiding local minima, especially for the planar surface representation with
homography-parameterized motions as used here.

The local expansion moves on subgraphs of superpixels (Taniai et al., 2017) consist
of two steps, propagation and randomization, which spatially propagate homography
motions and locally refine them. The global expansion moves only conduct the
propagation step that spatially propagates the locally-refined motions into a broader
area.

In each propagation and randomization step in Alg. 3, we run expansion moves on
the set of input superpixels with each collected set of homography motions. The
propagation and randomization step only differ in how they collect the proposal sets.
propagation:

• Randomly sampling np homography motions from the input set.
• Randomly sampling np homography motions from the corresponding superpix-

els in the opposite view and taking the inverse motion.
randomization:

• Randomly sampling np homography motions from the input set and adding
perturbations.

• Sampling np homography motions by randomly sampling nr point correspon-
dence pairs and re-estimating the corresponding homography motion.

We set np = 6 and nr = 20 for the local expansion moves and np = 50 for the global
expansion moves.

Optimizing ot and ot+1. Optimizing the occlusion maps is relatively simple. For
instance, once Nt is updated from the backward flow Hb, the binary occlusion map
ot can be estimated via graph-cuts (Boykov and Kolmogorov, 2004; Boykov et al.,
2001; Kolmogorov and Zabih, 2004) while holding all other variables fixed. The
pairwise occlusion term in Eqs. (4.3b) and (4.3c) is submodular, thus making standard
graph-cuts applicable.

4.3 experiments

We evaluate the accuracy of our algorithm on the KITTI Optical Flow 2015 benchmark
(Menze et al., 2015b; 2018) and on the MPI Sintel Flow Dataset (Butler et al., 2012),
both qualitatively and quantitatively. Additionally, we analyze the importance of our
symmetric approach by turning each term off and evaluating how significantly it
affects the accuracy. For faster convergence, we use DiscreteFlow (Menze et al., 2015a)
to initialize our estimation as well as to derive proposals. We automatically tune
the parameters (weights lP, lC, lS, lO, truncation thresholds tD, tP, tC, and biases

2 See appendix in Appendix A.2 for an analysis of this design choice.
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Figure 4.5: Qualitative results on KITTI 2015: (a) ground truth flow, (b) forward flow, (c)
backward flow, (d) occlusion map on the current frame, and (e) occlusion map on
the next frame; all overlayed with the current and next frame respectively. Note
that the ground truth flow map on KITTI is sparse, and some objects are masked.

locc, lh) using Bayesian optimization (Martinez-Cantin, 2014) on the training portion
of each benchmark.
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Non-occluded pixels All pixels

Method Fl-bg Fl-fg Fl-all Fl-bg Fl-fg Fl-all

Ours (MirrorFlow) 6.24% 12.95% 7.46% 8.93% 17.07% 10.29%
FlowNet2 (Ilg et al., 2017) 7.24% 5.60% 6.94% 10.75% 8.75% 10.41%

SDF (Bai et al., 2016) 5.75% 18.38% 8.04% 8.61% 23.01% 11.01%

MR-Flow (Wulff et al., 2017) 6.86% 17.91% 8.86% 10.13% 22.51% 12.19%

DCFlow (Xu et al., 2017) 8.04% 19.84% 10.18% 13.10% 23.70% 14.86%

SOF (Sevilla-Lara et al., 2016) 8.11% 18.16% 9.93% 14.63% 22.83% 15.99%

DiscreteFlow (Menze et al., 2015a) 9.96% 17.03% 11.25% 21.53% 21.76% 21.57%

Table 4.1: KITTI Optical Flow 2015: Comparison to top-performing optical flow algorithms in
the benchmark in terms of percentages of pixels with an incorrect flow estimate. It
is considered incorrect if flow end-point error exceeds 3 pixels and 5%. The best
and the second best results are in bold and underlined, respectively.

4.3.1 KITTI Optical Flow 2015

On the KITTI Optical Flow 2015 benchmark, our MirrorFlow algorithm outperforms
all two-frame optical flow methods at the time of writing, demonstrating the lowest
percentage of flow outliers (Fl-all). Table 4.1 gives detailed numbers, Fig. 4.5 shows
qualitative results. Leveraging our symmetry terms and motion representation based
on piecewise homographies, our method also demonstrates the second best results
for handling flow on dynamic foreground objects (Fl-fg) and handling background
motion (Fl-bg).

For evaluating the accuracy especially in occluded areas, we cannot directly rely
on the KITTI accuracy indicators, as the number of occluded pixels and non-occluded
pixels in the testing dataset are unknown. However, by looking at the gap of outlier
percentages between all pixels and non-occluded pixels, we can infer that our sym-
metric method is among the most accurate (probably the most accurate) method in
occluded areas (see Appendix A.3 for a more detailed discussion).

One important remark is that our method does not use any learned feature de-
scriptors or semantic information unlike other top-performing algorithms (Bai et al.,
2016; Ilg et al., 2017; Sevilla-Lara et al., 2016; Wulff et al., 2017; Xu et al., 2017). Even
without them, our method significantly outperforms the baseline method (Menze
et al., 2015a), which is the next best method not relying on learned descriptors or
semantics, and is also used for initialization. We significantly reduce the number
of incorrect pixels by more than 50% by virtue of our joint, symmetric formulation.
We believe that our method still has room for substantial further improvement by
exploiting semantic information or using learned feature descriptors; we leave this
for future work.
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Figure 4.6: Qualitative results on Sintel: (a) ground truth flow, (b) forward flow, (c) backward
flow, (d) ground truth occlusion, (e) occlusion map on the current frame, and (f)
occlusion map on the next frame; all overlayed with the current and next frame
respectively. Note the high agreement between true and estimated occlusions.

4.3.2 MPI Sintel Flow Dataset

While we focus on the KITTI dataset with its challenging scenes in the context of
autonomous driving, we also evaluate our approach on the MPI Sintel Flow Dataset
(Butler et al., 2012), where approaches based on piecewise rigidity are known to be
somewhat disadvantaged. Nevertheless, our method still performs rather competi-
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Final pass Clean pass

EPE EPE EPE EPE EPE EPE

Method all nocc. occ. all nocc. occ.

DCFlow (Xu et al., 2017) 5.119 2.283 28.228 3.537 1.103 23.394

FlowFieldsCNN (Bailer et al., 2017) 5.363 2.303 30.313 3.778 0.996 26.469

MR-Flow (Wulff et al., 2017) 5.376 2.818 26.235 2.527 0.954 15.365
S2F-IF (Yang and Soatto, 2017) 5.417 2.549 28.795 3.500 0.988 23.986

RicFlow (Hu et al., 2017) 5.620 2.765 28.907 3.550 1.264 22.220

GlobalPatchCollider (Wang et al., 2016) 6.040 2.938 31.309 4.134 1.432 26.179

Ours (MirrorFlow) 6.071 3.186 29.567 3.316 1.338 19.470

DiscreteFlow (Menze et al., 2015a) 6.077 2.937 31.685 3.567 1.108 23.626

Table 4.2: MPI Sintel Flow Dataset: Accuracy in terms of the average End-Point Error (EPE).
Leading algorithms on Final or Clean. Our model performs the second best in the
Clean pass.

tively, achieving the second place in the Clean pass and the 13th place in the Final pass,
both at the time of writing. Table 4.2 gives detailed accuracy numbers. Fig. 4.6 shows
qualitative results using the color code of the Sintel dataset, where we observe rather
accurate estimates of occluded regions. The main reason why our method is not as
accurate as on the KITTI benchmark is that our planar-rigid motion assumption is not
as appropriate for the Sintel Dataset, where the majority of motions are non-rigid and
most surfaces are non-planar. Despite of this limitation, our method demonstrates
leading results especially on occluded pixels in the Clean pass, which once again
confirms the key benefits of our joint flow and occlusion estimation pipeline. Note
that while we do not consider this here, the key ideas behind our joint, symmetric
approach are not limited to piecewise rigid representations.

4.3.3 Importance of symmetries

We conduct an ablation study to emphasize the contribution of our symmetric
formulation and to demonstrate how much each symmetry property contributes to the
flow estimation accuracy. As a baseline, we first consider an asymmetric version of our
model, which only relies on the data term and the pairwise term (Asymm). Then, we
extend it to the symmetric case by estimating flow bi-directionally through enabling
the forward-backward consistency term (Symm+c) and the occlusion-disocclusion
symmetry term (Symm+s) separately. The full model has both these terms enabled
(Symm+cs). We conduct this ablation study on the KITTI Optical Flow 2015 training
set.

As shown in Table 4.3, the occlusion-disocclusion symmetry term has the most
significant contribution to the accuracy of flow estimation. The error decreases sub-
stantially by about 20%. This observation follows one of our motivations that the
accurate localization of occluded areas contributes to estimating flow more accurately.
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Non-occluded pixels All pixels

Method Fl-bg Fl-fg Fl-all Fl-bg Fl-fg Fl-all

Symm+cs 6.52% 11.72% 7.41% 9.26% 13.94% 9.98%
Symm+s 6.73% 11.90% 7.62% 9.49% 14.04% 10.19%

Symm+c 10.41% 18.17% 11.74% 13.72% 20.40% 14.74%

Asymm 8.39% 14.97% 9.51% 11.82% 17.41% 12.68%

Table 4.3: Ablation study for each term on KITTI 2015 training: The forward-backward con-
sistency term (c) and the occlusion-disocclusion symmetry term (s) both play
important roles in our symmetric model. Their combination (cs) shows the best
results.

The forward-backward consistency term boosts the quality of the results further, but
only when the symmetry term is turned on. This is because the forward-backward
consistency relies on accurate estimates of the occlusion regions, which are only
available when the occlusion-disocclusion symmetry is considered as well. When
both terms are active we achieve the best accuracy, which highlights the benefit of
our full symmetric pipeline.

4.4 discussion

In this chapter, we have proposed a symmetric optical flow method that jointly esti-
mates optical flow in both directions and occlusion maps for each view by exploiting
the symmetry properties possessed in the two consecutive images. We exploit both
forward-backward consistency of the flow as well as occlusion-disocclusion symmetry,
and formulate a piecewise rigid model. Our results on widely-used public optical
flow benchmarks clearly demonstrate that our joint, symmetric approach yields sig-
nificant improvements in flow estimation accuracy, especially in occluded areas. For
the challenging KITTI benchmark, we report leading results even without employing
any semantic knowledge or learning of appearance descriptors. We believe that a
superpixel refinement, employing non-rigidity on top of our rigid motion model, or
utilizing learned appearance descriptors will lead to further improvements.
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Figure 5.1: Iterative Residual Refinement for Joint Optical Flow and Occlusion Estimation:
This chapter proposes an Iterative Residual Refinement (IRR) scheme for joint
optical flow and occlusion estimation based on weight sharing.
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iterative residual refinement for
joint optical flow and occlusion estimation

As discussed in Section 2.1.2.2, deep learning approaches to optical flow estimation
have made rapid progress and led to a paradigm shift from traditional energy-

based approaches to CNN-based approaches, demonstrating better accuracy and
substantially faster run-time. To achieve high accuracy, many networks usually refine
an initial flow estimate either through multiple stages or across the levels of a coarse-
to-fine representation; however, this approach leads an increase of the number of
network parameters.

With lessons learned from both traditional energy minimization approaches as well
as residual networks, in this chapter we propose an Iterative Residual Refinement (IRR)
scheme based on weight sharing that can be combined with several backbone networks.
The IRR scheme reduces the number of parameters, improves the accuracy, or even
achieves both. Furthermore, as our second joint objective, we show that integrating
occlusion prediction and bi-directional flow estimation into our IRR scheme can
further boost the accuracy. This highlights that optical flow and occlusion estimation
can successfully exploits their relationship in CNN as well, as we demonstrate with
the traditional energy-based model in Chapter 4. At the time of publication, our
full network achieved the state-of-the-art results for both optical flow and occlusion
estimation across several standard datasets.

5.1 introduction

Despite that deep learning has lead a significant impact on optical flow estimation,
as in many areas of computer vision (e. g., object detection (Girshick et al., 2016) or
human pose estimation (Tompson et al., 2014)), the accuracy of deep learning-based
flow methods on public benchmarks (Butler et al., 2012; Menze et al., 2015b; 2018)
had initially not surpassed that of classical approaches. Still, the efficient test-time
inference has led to the widespread adoption of CNN-based optical flow methods
as a sub-module in applications required to process temporal information, such as
video object segmentation (Cheng et al., 2017), video recognition (Gadde et al., 2017;
Nilsson and Sminchisescu, 2018; Zhu et al., 2017b), and video style transfer (Chen
et al., 2017a).

FlowNet (Dosovitskiy et al., 2015) pioneered the use of CNNs in estimating optical
flow and relied on a – by now standard – encoder-decoder architecture with skip
connections, similar to semantic segmentation (Long et al., 2015), among others. Yet,
because the flow accuracy remained behind that of traditional methods based on
energy minimization, later work has focused on designing more powerful CNN archi-
tectures for optical flow. FlowNet2 (Ilg et al., 2017) resolved the accuracy limitations
of FlowNet and started to outperform traditional approaches. Its main principle is
to stack multiple FlowNet-family networks (Dosovitskiy et al., 2015), such that later
stages effectively refine the output from the previous ones. However, one of the side
effects of this stacking is the linearly increasing number of parameters, challenging
the adoption in other applications. Also, stacked networks require sequential stage
training rather than joint, resulting in a complex training procedure in practice.
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Figure 5.2: Accuracy / network size tradeoff of CNNs for optical flow: Combining our IRR
(Iterative Residual Refinement), as well as bi-directional (Bi) and occlusion estima-
tion (Occ) with PWC-Net (Sun et al., 2018) in comparison to previous work. Our
full model (IRR-PWC), combining all three components, yields significant accuracy
gains over Sun et al. (2018) while having many fewer parameters.

More recently, SpyNet (Ranjan and Black, 2017), PWC-Net (Sun et al., 2018), and
LiteFlowNet (Hui et al., 2018) proposed lightweight networks that still achieve com-
petitive accuracy (cf . Fig. 5.2). SpyNet adopts coarse-to-fine estimation in the network
design, a well-known principle in classical approaches. It residually updates the flow
across multiple levels of a spatial pyramid with individual trainable weights and
demonstrates better accuracy than FlowNet even with far fewer model parameters.
LiteFlowNet and PWC-Net further combine the coarse-to-fine strategy with multiple
ideas from both classical methods and recent deep learning approaches. Particularly,
PWC-Net outperformed all published methods on the common public benchmarks
(Butler et al., 2012; Menze et al., 2015b; 2018).

Interestingly, many recent deep learning approaches for flow (Hui et al., 2018; Ilg
et al., 2017; Ranjan and Black, 2017; Sun et al., 2018) have a common structure; that
is, from a rough first flow estimate, later modules or networks refine the previous
estimates across pyramid levels or through multiple chained networks. As each
module assumes a particular functionality at the respective spatial resolution or is
conditioned on the output of the preceding modules, the later modules or networks
have their own trainable weights as illustrated in Fig. 5.3a. The downside is that
this significantly increases the number of required model parameters. Please refer to
Section 2.1.2.2 for a more in-depth review of the end-to-end regression architectures.

In this chapter, we take the lessons learned from traditional energy minimization-
based optical flow approaches and proceed several steps further. Energy-based meth-
ods estimate the flow iteratively based on a consistent underlying energy with a
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(a) FlowNet2-like (Ilg et al., 2017) stack of FlowNet networks.
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(b) Iterative residual refinement version of (a).
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(d) Joint flow and occlusion estimation.

Figure 5.3: From a standard network stack to our iterative residual refinement scheme with
joint optical flow and occlusion estimation: The stacked version of FlowNet (a)
can be converted into an iterative residual refinement model (b) with the half
number of parameters. Note that modules with the same color share their weights.
We can re-interpret (b) as a rolled version (c), making it more immediate to include
occlusion estimation (d) for further accuracy improvement.

single set of parameters (Black and Anandan, 1996; Brox et al., 2004; Sun et al., 2014b).
Therefore, our first research question is: Can we iteratively refine flow with a deep network
based on a single, shared set of weights? Also, energy-based methods have benefited from
bi-directional estimation and occlusion reasoning (Alvarez et al., 2007; Hur and Roth,
2017; Sun et al., 2014a; Xiao et al., 2006). Then, our second research question is: Can
deep learning approaches to optical flow similarly benefit from bi-directional estimation with
occlusion reasoning?

We address these questions and make a number of contributions: (i) We first propose
an Iterative Residual Refinement (IRR) scheme that takes the output from a previous
iteration as input and refines it iteratively by only using a single network block with
shared weights. (ii) We demonstrate the applicability to two popular networks, FlowNet
(Dosovitskiy et al., 2015) (Fig. 5.3c) and PWC-Net (Sun et al., 2018) (Fig. 5.5). For
FlowNet, we can significantly increase the accuracy without adding parameters;
for PWC-Net, we can reduce the number of parameters while even improving the
accuracy (Fig. 5.2). (iii) Next, we demonstrate the integration with occlusion estimation
(Fig. 5.3d) as our second joint objective. (iv) We further extend the scheme to bi-
directional flow estimation, which turns out to be only beneficial when combined
with occlusion estimation. Unlike previous work (Ilg et al., 2018), our scheme enables
the flow accuracy to benefit from joint occlusion estimation. (v) We finally propose
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Figure 5.4: Our IRR version of FlowNetS (Dosovitskiy et al., 2015). The model iteratively
estimates residual flow from the previous output. Note that we apply warping
after several encoder layers, see text for details.

lightweight bilateral filtering and occlusion upsampling layers for refined motion and
occlusion boundaries.

Application of our proposed scheme to the two backbone networks, FlowNet and
PWC-Net, yields significant improvements in flow accuracy by 18.5% and 17.7%,
respectively, across multiple datasets. In case of PWC-Net, we achieve this accuracy
gain using 26.4% fewer parameters. Note that occlusion estimation and bi-directional
flow are additional outcomes as by-products of this improvement.

5.2 iterative residual refinement

5.2.1 Core concepts & base networks

IRR (Iterative Residual Refinement) with shared weights. The basic problem setup is
to estimate (forward) optical flow ffw from the reference frame I1 to the target frame
I2. The main concept of our IRR scheme is to make a model learn to residually refine
its previous estimate by iteratively re-using the same network block with shared weights.
We pursue two scenarios: (i) We increase the accuracy without adding parameters
or complicating the training procedure, by iteratively re-using a single network to
keep refining its previous estimate; or (ii) we aim toward a more compact model by
substituting multiple network blocks assuming the same basic functionality with only
a single block.

IRR with FlowNet. Addressing the first scenario, we propose an iterative residual
refinement version of FlowNetS (Dosovitskiy et al., 2015), cf . Fig. 5.4 for an overview.
Our IRR version iteratively estimates residual flow with multiple iterations using one
single FlowNetS; the final result is the sum of residual flows from all iteration steps.
We use one shared encoder E for feature extraction from each input image I1 and I2,
similar to FlowNetC, and concatenate the two feature maps after warping the second
feature map based on the estimated flow fi�1

fw from the previous iteration i� 1. Then
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(a) Original PWC-Net (Sun et al., 2018).
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(b) Our IRR version of PWC-Net.

Figure 5.5: Our IRR version of PWC-Net, which uses only one single shared decoder over the
pyramid levels, see text for details.

we input the concatenated feature maps to the decoder D to estimate the residual
(forward) flow at iteration i:

fi
fw = D

⇣
E(I1), w

�
E(I2), fi�1

fw
�⌘

+ fi�1
fw , (5.1)

where w(·, ·) is a bilinear interpolation function for backward warping (Jaderberg
et al., 2015). Here, warping the second feature map is crucial as it yields a suitable
input for estimating the appropriate residual flow. This yields much improved accuracy
while re-using the same network with only slight modifications and not requiring
additional training stages.

IRR with PWC-Net. Based on the classical coarse-to-fine principle, PWC-Net (Sun
et al., 2018) and SpyNet (Ranjan and Black, 2017) both use multiple repetitive modules
for the same purpose but with separate weights. Fig. 5.5a shows a 3-level PWC-Net
(for ease of visualization, originally 7-level) that incrementally updates the estimation
across the pyramid levels with individual decoders for each level. Adopting our IRR
scheme here to address the second scenario, we can substitute the multiple decoders
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with only one shared decoder that iteratively refines the output over all the pyramid
levels, cf . Fig. 5.5b. We set the number of iterations equal to the number of pyramid
levels, keeping the original pipeline but with fewer parameters and a more compact
representation:

fi
fw = D

⇣
Pi(I1), c

�
Pi(I1),w

�
Pi(I2), f̂i�1

fw
��

, f̂i�1
fw

⌘
+ f̂i�1

fw (5.2a)

with
f̂i�1

fw = 2· " (fi�1
fw ), (5.2b)

where Pi is the feature map at pyramid level i, c(·, ·) calculates a cost volume, and "
performs 2⇥ bilinear upsampling to twice the resolution of the previous flow field.
As the dimension increases, we also scale the flow magnitude accordingly (Eq. 5.2b).

One important change from the original PWC-Net (Sun et al., 2018), which estimates
flow for each level on the original scale, is that we estimate flow for each level at
its native spatial resolution. This enables us to use only one shared decoder and yet
make it possible to handle different resolutions across all levels. When calculating the
loss, we revert back to the original scale to use the same loss function.

In addition, we add a 1⇥ 1 convolution layer after the input feature map Pi(I1) to
make the number of feature maps input to the decoder D be equal across the pyramid
levels. This enables us to use one single shared decoder with a fixed number of input
channels across the pyramid.

By the way, as a follow-up approach of our method, RAFT (Teed and Deng, 2020)
proposes to recurrently and residually update optical flow using a GRU module and a
pre-computed multli-scale 4D cost volume. In Appendix B.3, we provide a comparison
on technical designs of both methods.

Occlusion estimation. It is widely reported that jointly localizing occlusions and
estimating optical flow can benefit each other (Alvarez et al., 2007; Ballester et al.,
2012; Hur and Roth, 2017; Ince and Konrad, 2008; Sun et al., 2014a; Unger et al.,
2012; Xiao et al., 2006). Toward leveraging this in the setting of CNNs, we attach an
additional decoder estimating occlusion oi

1 in the first frame at the end of the encoder,
in parallel to the flow decoder as shown in Fig. 5.3d, similar to Janai et al. (2018) and
Neoral et al. (2018). The occlusion decoder has the same configuration as the flow
decoder, but the number of output channels is 1 (instead of 2 for flow). The input to
the occlusion decoder is the same as to the flow decoder.

5.2.2 Joint optical flow and occlusion estimation

Iteratively re-using residual subnetworks and adding occlusion decoders are inde-
pendent, easily combined together, and adaptable to many types of optical flow
base networks. Beyond simply adopting these two concepts, we additionally pro-
pose several ideas to improve the accuracy further in a joint estimation setup: (i)
bi-directional estimation, (ii) bilateral refinement of flow and occlusion, and (iii) an
occlusion upsampling layer.
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Bi-directional estimation. Based on the basic IRR setup for joint flow and occlusion
estimation in Fig. 5.3d, we first perform bi-directional flow and occlusion estimation
by simply switching the order of the input feature maps for the decoder (Meister et al.,
2018; Wang et al., 2018). This yields backward flow fi

bw and occlusion oi
2 in the second

frame. Note that bi-directional estimation requires no extra convolutional weights as
it again re-uses the same shared decoders. As we shall see, estimating both forward
and backward flow together yields at most minor accuracy improvements itself, but
we find that exploiting forward-backward consistency is crucial for estimating more
accurate occlusions.

Bilateral refinement of flow and occlusion. Blurry estimates, particularly near motion
boundaries, have recently been identified as a main limitation of standard optical
flow decoders in CNNs. To address this, bilateral filters or local attention maps (Harley
et al., 2017; Hui et al., 2018) have been proposed as viable solutions. We also adopt
this idea in our setup, extend it to refine optical flow and occlusion using bilateral
filters, but with weight sharing across all iteration steps.

Similar to Hui et al. (2018), we construct learned bilateral filters individualized to
each pixel and apply them to each flow component u, v and the occlusion separately:

f̃ i
fw,u(x, y) = gfw(x, y) ⇤ f i

fw,u(x, y) (5.3a)

f̃ i
fw,v(x, y) = gfw(x, y) ⇤ f i

fw,v(x, y) (5.3b)

õi
1(x, y) = go(x, y) ⇤ oi

1(x, y), (5.3c)

where, e. g., f̃ i
fw,u(x, y) is the filtered horizontal flow at (x, y), gfw(x, y) is the w⇥ w

learned bilateral filter kernel for flow at (x, y), and f i
fw,u(x, y) is the w⇥ w patch of

the horizontal flow centered at (x, y). Note that we construct the kernels for flow and
occlusion separately as motion and occlusion boundaries are not necessarily aligned.

For constructing the bilateral filter for the flow, we follow the strategy of Hui
et al. (2018), and for occlusion we input occlusion estimates, a feature map, and a
warped feature map from the other temporal direction. One important difference to
Hui et al. (2018) is that we do not need separate learnable convolutional weights for
every iteration step or every pyramid level. Our IRR design enables re-using the same
weights for constructing the bilateral filters for all iteration steps or pyramid levels. In
case of adapting to PWC-Net, our bilateral refinement adds only 0.69M parameters,
which is 2.4⇥ less than the scheme of Hui et al. (2018), adding 1.66M parameters.

Occlusion upsampling layer. One common trait of FlowNet (Dosovitskiy et al., 2015)
and PWC-Net (Sun et al., 2018) is that the output resolution of flow from the CNN is a
quarter ( 1

4 H⇥ 1
4W) of the input resolution (H⇥W), which is then bilinearly upscaled

to the input resolution. The reasons for not directly estimating at full resolution are a
marginal accuracy improvement and the GPU computation and memory overhead.

Yet for estimating occlusion, there is a significant accuracy loss when estimating
only at a quarter resolution. On the Sintel dataset, we conduct an oracle study by
downscaling the ground-truth occlusion maps to a quarter size and then upscaling
them back. The F-score of the reconstructed occlusion maps was 0.777, suggesting
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(a) Ground-truth occlusion map. (b) Reconstructed occlusion map from a quarter
resolution of (a).

Figure 5.6: Oracle study showing the limitation of outputting low-resolution occlusion maps.
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Figure 5.7: Occlusion upsampling layer: Inputs are bi-linearly upsampled flow and upsam-
pled occlusion using nearest neighbor. Residual blocks then improve the occlusion
accuracy using residual occlusion updates at the full output resolution.

a significant accuracy limitation. As seen in Fig. 5.6, quarter-resolution occlusion
maps cannot really represent fine occlusions, through which the major loss in F-score
occurs. This strongly emphasizes the importance of estimating at full resolution.

To estimate more accurate occlusion at higher resolution, we attach an upsampling
layer at the end of network to upscale optical flow and occlusion together back to the
input resolution. Fig. 5.7 illustrates our upsampling layer. For optical flow, we found
bilinear upsampling to be sufficient. For occlusion, we first perform nearest-neighbor
upsampling, which is fed into a CNN module to estimate the residual occlusion on
the upsampled occlusion map. The CNN module consists of three residual blocks
(Lim et al., 2017), which receive flow, a feature map from the encoder, warped flow,
and a warped feature map from the other temporal direction. Putting the warped
feature map and flow from the other direction enables exploiting the classical forward-
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Figure 5.8: Joint optical flow and occlusion estimation: bi-directional estimation, bilateral
refinement, and upsampling layer (in the FlowNet setting): We estimate flow in
both temporal directions and occlusion maps in both frames by switching the
order of inputs to the decoder. Bilateral refinement and the upsampling layer
further improve the accuracy of flow and occlusion. Modules with the same color
share their weights.

backward consistency for estimating the occlusion. We provide further details in the
appendix, Appendix B.1.

Full model. Fig. 5.8 and Fig. 5.9 visualize our final variants of FlowNet and PWC-
Net respectively, enabling joint optical flow and occlusion estimation based on bi-
directional estimation, bilateral refinement, and the occlusion upsampling layer. The
PWC-Net variant (we name it as IRR-PWC) in Fig. 5.9 first iteratively and residually
estimates optical flow and occlusion up to a quarter resolution of the input image
(cf ., Fig. 5.9a), given a 7-level feature pyramid as in the original PWC-Net (Sun et al.,
2018). Then, given the estimates at the 5th level, we show how we use our occlusion
upsampling layer in Fig. 5.9b to scale the estimates up to the original resolution. The
upsampling layer, illustrated in Fig. 5.7, upscales the resolution by 2⇥ at once, and
applying the upsampling layer at the 6th and 7th level scales the quarter resolution
estimate back to the original resolution.

Initialization. To bootstrap our iterative estimation, we input zero as initial optical
flow (i. e. f0

fw and f0
bw) and occlusion (i. e. o0

1 and o0
2) into the first stage. Note that 0

indicates non-occluded (visible) and 1 indicates occluded.

Training loss. Let N be the total number of steps in our iterative setting. Then we
predict a set of forward optical flow maps fi

fw, backward optical flow fi
bw, occlusion

maps in the first image oi
1 and in the second image oi

2 for each iteration step, where
i = 1, . . . , N. Forward and backward optical flow are supervised using the L2,1 norm
as

li
flow = 1

2 Â
�
kfi

fw � ffw,GTk2 + kfi
bw � fbw,GTk2

�
, (5.4)
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(a) Jointly estimating optical flow and occlusion up to a quarter resolution of the original input,
i. e., pyramid levels 1  i  5.
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(b) Upsampling optical flow and occlusion using the upsampling layer, i. e., pyramid levels 6  i  7.

Figure 5.9: IRR-PWC: Our PWC-Net variant with joint optical flow and occlusion estimation
based on bi-directional estimation, bilateral refinement, and the occlusion upsam-
pling layer. (a) Our IRR-PWC model jointly estimates optical flow and occlusion up
to a quarter resolution of the input image (i. e., up to the 5th level), the same as the
original PWC-Net. (b) Then, we use our occlusion upsampling layer to upscale the
outputs back to the original resolution while improving accuracy.
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whereas for the supervision of the two occlusion maps we use a weighted binary
cross-entropy

li
occ = � 1

2 Â
�
wi

1oi
1 log o1,GT + w̄i

1(1�oi
1) log(1�o1,GT)

+wi
2oi

2 log o2,GT + w̄i
2(1�oi

2) log(1�o2,GT)
�
.

(5.5)

Here, we apply the weights wi
1 = H·W

Â oi
1+Â o1,GT

and w̄i
1 = H·W

Â (1�oi
1)+Â (1�o1,GT)

to take into
account the number of predictions and true labels.

Our final loss is the weighted sum of the two losses above, taken over all iteration
steps using the same multi-scale weights as as in the original papers. In case of
FlowNet (Dosovitskiy et al., 2015), the final loss becomes

lFlowNet =
1
N

N

Â
i=1

S

Â
s=s0

as(li,s
flow + l · li,s

occ), (5.6)

where s denotes the scale index given in Fig. 3 of Dosovitskiy et al. (2015). In case of
PWC-Net (Sun et al., 2018), the number of scales is equal to the number of iterations,
hence the final loss is

lPWC-Net =
1
N

N

Â
i=1

ai(li
flow + l · li

occ). (5.7)

l weighs the flow against the occlusion loss. In every iteration, we calculate the l
that makes the loss of the flow and the occlusion be equal. We empirically found that
this strategy yields better accuracy than just using a fixed trade-off.

5.3 experiments

5.3.1 FlyingChairsOcc dataset

Lacking a suitable dataset, we create our own dataset for the supervision of bi-
directional flow and the two occlusion maps, with ground truth for forward flow,
backward flow, and occlusion maps at the first and second frame. To build the dataset,
we follow the exact protocol of the FlyingChairs dataset (Dosovitskiy et al., 2015).
We refer to this dataset as FlyingChairsOcc. Figure 5.10 shows some examplar images
from the dataset.

We crawl 964 background images with a resolution of 1024⇥ 768 from Flickr and
Google using the keywords cityscape, street, and mountain. As foreground objects,
we use 809 chair images rendered from CAD models with varying views and angles
(Aubry et al., 2014). Then we follow the exact protocol of (Dosovitskiy et al., 2015)
for generating image pairs, including the number of foreground objects, object size,
and random parameters for generating the motion of each object. As the motion is
parametrized by a 3⇥ 3 matrix, it is easy to calculate not only backward ground-truth
flow but also occlusion maps by conducting visibility checks. The number of images
in the training and validation sets are the same as in FlyingChairs (i. e., 22 232 and
640, respectively).
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Figure 5.10: FlyingChairsOcc dataset: (left to right) the first image, the second image, forward
optical flow, backward optical flow, occlusion map at the first image, occlusion
map at the second image.

5.3.2 Implementation details

training details . We follow the training settings of FlowNet respective PWC-
Net for a fair comparison. We use the same geometric and photometric augmentations
with additive Gaussian noise as described in Ilg et al. (2017). After applying the
geometric augmentation on the occlusion ground truth, we additionally check for
pixels moving outside of the image boundary (i. e., out-of-bound pixels) and set them
as occluded. Note that no multi-stage training is needed.

We first train the proposed model on our FlyingChairsOcc dataset with learning
rate schedule Sshort (instead of Slong), described in Ilg et al. (2017). Next, we fine-tune
on the FlyingThings3D-subset dataset (Mayer et al., 2016), which contains much
larger displacements; we use half the Sfine learning rate schedule (Ilg et al., 2017). We
empirically found that using shorter schedules was enough as our model converged
faster. We finally fine-tune on different public benchmark datasets, including Sintel
(Butler et al., 2012) and KITTI (Menze et al., 2015b; 2018), following the fine-tuning
protocol of (Sun et al., 2020). We use a smaller minibatch size of 4, as our model
implicitly increases the batch size by performing iterative bi-directional estimation
with a single model.

Lacking other ground truth, we only use the forward flow and the occlusion map
for the first frame for supervision on Sintel; for KITTI we only use the forward flow.
Importantly, our model is still trainable when ground truth is available only for
one direction (e. g., forward flow with occlusion map at the first frame), since both
temporal directions share the same “unidirectional” decoder.

5.3.3 Ablation study

To see the effectiveness of each proposed component, we conduct an ablation study by
training our model in multiple settings. All models are trained on the FlyingChairsOcc
dataset with the Sshort schedule and tested on multiple datasets to assess generaliza-
tion across datasets. We use a minibatch size of 4 when either bi-directional estimation
or iterative residual refinement is on, or the original minibatch size of 8, otherwise. For
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Bi Occ IRR
Chairs ChairsOcc Sintel Clean Sintel Final Rel.

Full Validation Training Training Param.
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2.39 2.27 4.35 5.44 0 %

3 2.43 2.30 4.40 5.53 0 %

3 2.29 2.18 (0.690) 4.26 (0.521) 5.51 (0.493) +38.5%

3 2.36 2.22 3.77 5.00 0 %

3 3 2.31 2.20 (0.691) 4.21 (0.515) 5.46 (0.488) +38.5%

3 3 2.14 2.00 3.45 4.96 0 %

3 3 2.22 2.10 (0.689) 3.56 (0.507) 5.03 (0.486) +38.5%

3 3 3 2.05 1.91 (0.699) 3.40 (0.528) 5.08 (0.502) +38.5%

3 3 3+ 1.92 1.77 (0.736) 3.32 (0.596) 4.92 (0.560) +40.7%
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2.03 1.89 3.13 4.41 0 %

3 2.06 1.87 2.98 4.14 0 %

3 1.94 1.79 (0.706) 3.16 (0.616) 4.35 (0.581) +87.4%

3 2.01 1.83 2.79 4.10 −61.2%

3 3 1.99 1.82 (0.696) 3.01 (0.618) 4.39 (0.581) +87.4%

3 3 2.08 1.90 2.80 4.13 −61.2%

3 3 1.91 1.73 (0.700) 2.64 (0.630) 4.09 (0.593) −34.7%

3 3 3 1.98 1.81 (0.698) 2.69 (0.633) 4.03 (0.598) −34.7%

3 3 3+ 1.67 1.48 (0.757) 2.34 (0.677) 3.95 (0.624) −26.4%

Table 5.1: Ablation study of our design choices on the two baseline models. The numbers
indicate the Average End-Point Error (AEPE) for optical flow (the lower the better)
and the average F1-score for occlusion in parentheses, where available (the higher
the better). Bi: Bi-directional estimation, Occ: Joint occlusion estimation, IRR:
Iterative residual refinement, IRR+: Iterative residual refinement including bilateral
refinement and occlusion upsampling layer. The final column reports the relative
changes on the number of parameters comparing to the vanilla baseline.

a simpler ablation study, we use two iteration steps when applying IRR on FlowNet
(Dosovitskiy et al., 2015).

Table 5.1 assesses the optical flow in terms of the Average End-Point Error (AEPE)
and occlusion estimation with the average F1-score, if applicable for the respective
configuration. In contrast to findings in recent work (Ilg et al., 2018), estimating
occlusion together yields a gradual improvement of the flow of up to 5% on the
training domain, and an even bigger improvement across different datasets when
combined on top of bi-directional estimation (Bi) or IRR. We believe this to mainly stem
from using a separate occlusion decoder instead of a joint decoder (Ilg et al., 2018).
Bi-directional estimation by itself yields at most a marginal improvement on flow,
but it is important for the input of the occlusion upsampling layer, which brings very
large benefits on occlusion estimation. Iterative residual refinement yields consistent
improvements in flow accuracy on the training domain, and perhaps surprisingly
a much better generalization across datasets, with up to 10% improvement in EPE. We
presume that this better generalization comes from training a single decoder to
handle feature maps from all iteration steps or pyramid levels, which encourages
generalization even across datasets. The benefits of using IRR become even clearer
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Figure 5.11: Qualitative examples from the ablation study on PWC-Net: (a) Overlapped
input images, (b) ground-truth flow, (c) the original PWC-Net (Sun et al., 2018),
(d) our PWC-Net with IRR, (e) our PWC-Net with Bi-Occ-IRR, and (f) our full model
(i. e., IRR-PWC). More examples follow in Appendix B.2.2.

when combined with other components. For example, FlowNet with Bi, Occ, and
IRR demonstrates up to 20% improvement in EPE on Sintel Clean compared to only
using Bi and Occ. Additionally, the bilateral refinement and the upsampling layer
significantly improve the accuracy of both flow and occlusion with a small overhead
of only 0.83M parameters. For PWC-Net, we obtain a significant accuracy boost of
17.7% on average over the baseline, while reducing the number of parameters by
26.4%. We name the full versions of the models including all modules IRR-FlowNet
and IRR-PWC. Fig. 5.11 highlights the improvement of the flow from our proposed
components with qualitative examples. Please note the completeness and sharp
boundaries.

Bilateral refinement. We compare our bilateral refinement layer with the refinement
layer of LiteFlowNet (Hui et al., 2018) based on a PWC-Net with Bi, Occ, and IRR
components enabled. Table 5.2 shows that the benefit of our design choice (i. e., sharing
weights) holds for bilateral refinement as well, yielding better accuracy for flow and
particularly for occlusion, with 2.5⇥ fewer parameters than that of Hui et al. (2018).

Occlusion upsampling layer. Similar to our upsampling layer, Ilg et al. (2018) use a
refinement network from FlowNet2 (Ilg et al., 2017) to upsample the intermediate
quarter-resolution outcome back to the original resolution. We compare our upsam-
pling layer with the refinement network from Ilg et al. (2017, 2018), adding it to our
network based on a PWC-Net backbone with Bi, Occ, IRR, and the bilateral refine-
ment layer enabled. Table 5.3 shows the clear benefits of using our upsampling layer,
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Method Chairs ChairsOcc Sintel Clean Sintel Final Rel.

Full Validation Training Training Param.

No refinement 1.98 1.81 (0.698) 2.69 (0.633) 4.03 (0.598) 0 %

Ours 1.66 1.45 (0.735) 2.32 (0.648) 3.90 (0.602) +12.3%

LiteFlowNet’s (Hui et al., 2018) 1.74 1.58 (0.688) 2.34 (0.596) 3.86 (0.543) +29.5%

Table 5.2: Comparison of our bilateral refinement layer against that of LiteFlowNet (Hui et al.,
2018).

Method Chairs ChairsOcc Sintel Clean Sintel Final Rel.

Full Validation Training Training Param.

No upsampling 1.66 1.45 (0.735) 2.32 (0.648) 3.90 (0.602) 0 %

Ours 1.67 1.48 (0.757) 2.34 (0.677) 3.95 (0.624) +0.49%

Ilg et al. (2017, 2018) 2.18 2.01 (0.712) 2.90 (0.624) 4.37 (0.577) +9.21%

Table 5.3: Comparison of our occlusion upsampling layer and the refinement network from
FlowNet2 (Ilg et al., 2017; 2018).

yielding significant gains in both tasks while requiring fewer parameters. We provide
qualitative examples in Appendix B.2.1. The refinement network from FlowNet2 (Ilg
et al., 2017) actually degrades the accuracy of flow estimation. We presume this may
stem from differences in training. FlowNet2’s refinement layer may require piece-wise
training, while our model is trained all at once.

Different IRR steps on FlowNet. For FlowNet, we can freely choose the number of
IRR steps as we iteratively refine previous estimates by re-using a single network.
We try different numbers of IRR steps on vanilla FlowNetS (Dosovitskiy et al., 2015)
(i. e., without Bi or Occ) and compare with stacking multiple FlowNetS networks. All
networks are trained on FlyingChairsOcc with the Sshort schedule, minibatch size of 8,
and tested on Sintel Clean.

As shown in Table 5.4, the accuracy keeps improving with more IRR steps and
stably settles at more than 4 steps. In contrast, stacking multiple FlowNetS networks
overfits on the training data after 3 steps, and is consistently outperformed by IRR
with the same number of stages. This clearly demonstrates the advantage of our IRR
scheme over stacking: better accuracy without linearly increasing the number of parameters.

5.3.4 Optical flow benchmarks

We test the accuracy of our IRR-PWC on the public Sintel (Butler et al., 2012) and
KITTI (Menze et al., 2015b; 2018) benchmarks. When fine-tuning, we use the robust
training loss as in Hui et al. (2018) and Sun et al. (2018, 2020) for flow, and standard
binary cross-entropy for occlusion. On Sintel Final in Table 5.5, our IRR-PWC achieves
a new state of the art among 2-frame methods. Comparing to the PWC-Net baseline
(i. e., PWC-Net-ft-final) trained in the identical setting, our contributions improve
the flow accuracy by 9.18% on Final and 12.36% on Clean, while using 26.4% fewer
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Number of iterations or stacking stages 1 2 3 4 5

IRR on a single FlowNetS 4.358 3.545 3.325 3.303 3.302
Stacking multiple FlowNetS 4.445 3.553 3.377 3.391 3.517

Table 5.4: n⇥ IRR vs. n⇥ stacking: EPE on Sintel Clean

Method Training Test Parameters

Clean Final Clean Final

GMA† (Jiang et al., 2021) (0.62) (1.06) 1.39 2.47 5.9 M

Separable flow† (Zhang et al., 2021) (0.69) (1.10) 1.50 2.67 6.0 M

RAFT† (Teed and Deng, 2020) (0.77) (1.27) 1.61 2.86 5.3 M

RAFT-A† (Sun et al., 2021) – – 2.01 3.14 5.9 M

MaskFlowNet (Zhao et al., 2020) – – 2.52 4.17 –

ContinualFlow_ROB†§ (Neoral et al., 2018) – – 3.34 4.53 14.6 M

VCN (Yang and Ramanan, 2019) (1.66) (2.24) 2.81 4.40 6.2 M

MFF§ (Ren et al., 2019) – – 3.42 4.57 N/A

IRR-PWC (Ours) (1.92) (2.51) 3.84 4.58 6.36M

PWC-Net+† (Sun et al., 2020) (1.71) (2.34) 3.45 4.60 8.75M

ProFlow§(Maurer and Bruhn, 2018) – – 2.82 5.02 –

PWC-Net-ft-final (Sun et al., 2020) (2.02) (2.08) 4.39 5.04 8.75M

DCFlow (Xu et al., 2017) – – 3.54 5.12 –

FlowFieldsCNN (Bailer et al., 2017) – – 3.78 5.36 5.00M

MR-Flow (Wulff et al., 2017) 1.83 3.59 2.53 5.38 –

LiteFlowNet (Hui et al., 2018) (1.35) (1.78) 4.54 5.38 5.37M

S2F-IF (Yang and Soatto, 2017) – – 3.50 5.42 –

SfM-PM (Maurer et al., 2018) – – 2.91 5.47 –

FlowFields++ (Schuster et al., 2018a) – – 2.94 5.49 –

FlowNet2 (Ilg et al., 2017) (2.02) (3.14) 3.96 6.02 162.5 M

Table 5.5: MPI Sintel Flow: Average End-Point Error (AEPE) and number of CNN parameters.
§using more than 2 frames, †using additional datasets for better accuracy.

parameters. On KITTI 2015 in Table 5.6, our IRR-PWC again outperforms all published
2-frame methods, improving over the baseline PWC-Net.

When fine-tuning on benchmarks, our important observations are that our model
(i) converges much faster than the baseline and (ii) overfits to the training split less,
demonstrating much better accuracy on the test set despite slightly higher error on
training split. This highlights the benefit of our IRR scheme: better generalization even
on the training domain as well as across datasets.

5.3.5 Occlusion estimation

We finally evaluate the accuracy of occlusion estimation on the Sintel training set
as no public benchmarks are available for the task. Table 5.7 shows the comparison
with state-of-the-art algorithms. Supervised methods are trained on FlyingChairs
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Method Training Test

AEPE Fl-all Fl-All

Separable flow† (Zhang et al., 2021) (0.69) (1.60%) 4.64%
RAFT-A† (Sun et al., 2021) – – 4.78%

RAFT† (Teed and Deng, 2020) (0.63) (1.5%) 5.10%

GMA† (Jiang et al., 2021) (0.57) (1.2%) 5.15%

MaskFlowNet (Zhao et al., 2020) – – 6.11%

VCN (Yang and Ramanan, 2019) (1.16) (4.1%) 6.30%

MFF§ (Ren et al., 2019) – – 7.17%

IRR-PWC (Ours) (1.63) (5.32%) 7.65%

PWC-Net+ (Sun et al., 2020) (1.45) (7.59%) 7.72%

LiteFlowNet (Hui et al., 2018) (1.62) (5.58%) 9.38%

PWC-Net (Sun et al., 2018) (2.16) (9.80%) 9.60%

ContinualFlow_ROB†§ (Neoral et al., 2018) – – 10.03%

MirrorFlow (Hur and Roth, 2017) – 9.98% 10.29%

FlowNet2 (Ilg et al., 2017) (2.30) (8.61%) 10.41%

SDF Bai et al., 2016 – 12.14% 11.01%

SfM-PM§ Maurer et al., 2018 4.16 13.61% 11.83%

MR-Flow§ Wulff et al., 2017 – 14.09% 12.19%

Table 5.6: KITTI Optical Flow 2015: Average End-Point Error (AEPE) and outlier rates (Fl-Noc
and Fl-all).

and FlyingThings3D; unsupervised methods are trained on Sintel without the use of
ground truth. We achieve state-of-the-art accuracy with far fewer parameters (6.00M
instead of 110M) and much simpler training schedules than the previous state of the
art (Ilg et al., 2018).

5.3.6 Qualitative Comparison

Occlusion estimation. Figure 5.12 demonstrates a qualitative comparison with the
state of the art on occlusion estimation. Qualitatively, MirrorFlow (Hur and Roth,
2017) misses many occlusions in general, and FlowNet-CSSR-ft-sd (Ilg et al., 2018)
is able to detect fine details of occlusion. In contrast, our method tries not to miss
occlusions, which results in a better recall rate but somewhat lower precision than
those of FlowNet-CSSR-ft-sd (Ilg et al., 2018). Overall, our method demonstrates better
F1-score than FlowNet-CSSR-ft-sd (Ilg et al., 2018), achieving state-of-the-art results
on the evaluation dataset (i. e., Sintel Train Clean and Final). Note that FlowNet-CSSR-
ft-sd (Ilg et al., 2018) is additionally trained on the ChairsSDHom dataset (Ilg et al.,
2017) for handling small-displacement motion, which is related to thinly-shaped
occlusions. Our approach is not trained further.

Bi-directional flows and occlusion maps. MirrorFlow (Hur and Roth, 2017) is one of
the most recent related works that estimates bi-directional flow and occlusion maps.
Fig. 5.13 provides a qualitative comparison with MirrorFlow (Hur and Roth, 2017) on
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Method Type Sintel Training

Clean Final

IRR-PWC (Ours) supervised 0.712 0.669
FlowNet-CSSR (Ilg et al., 2018) supervised 0.703 0.654

OccAwareFlow (Wang et al., 2018) unsupervised 0.54 0.48

Back2FutureFlow (Janai et al., 2018) unsupervised 0.49 0.44

MirrorFlow (Hur and Roth, 2017) estimated 0.390 –

Table 5.7: Occlusion estimation results on Sintel Training

a b c F-score: 0.281

d F-score: 0.579 e F-score: 0.541

a b c F-score: 0.408

d F-score: 0.688 e F-score: 0.708

a b c F-score: 0.072

d F-score: 0.307 e F-score: 0.392

Figure 5.12: Qualitative comparison of occlusion estimation with the state of the art: (a)
overlapped input images, (b) occlusion ground truth, (c) MirrorFlow (Hur and
Roth, 2017), (d) FlowNet-CSSR-ft-sd (Ilg et al., 2018), and (e) ours. In the result
image of each method, blue pixels denote false positives, red pixels denote
false negatives, and white ones denote true positives (i. e., correctly estimated
occlusion). We include the F-score of each method in the top-right corner. Our
model yields a better F-score on the second and the third scene than FlowNet-
CSSR-ft-sd (Ilg et al., 2018).
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Figure 5.13: Qualitative comparison of the bi-drectional optical flows and occlusion maps
in both views with MirrorFlow (Hur and Roth, 2017): All results are overlayed
on the corresponding image, either the first frame or the second frame. (a)
Ground truth optical flow, (b) our forward flow, (c) our backward flow, (d) our
occlusion map for the first frame, (e) our occlusion map for the second frame, (f)
ground truth occlusion map, (g) forward flow of MirrorFlow, (h) backward flow
of MirrorFlow, (i) occlusion map of MirrorFlow for the first frame, (j) occlusion
map of MirrorFlow for the second frame. Note that KITTI has only sparse ground
truth for optical flow and does not provide ground truth for occlusion.

the Sintel and KITTI 2015 datasets. In this comparison, we use our model fine-tuned on
the training set of each dataset and display qualitative examples from the validation
split. Comparing to MirrorFlow (Hur and Roth, 2017), our model demonstrates far
fewer artifacts and fewer missing details for both flow and occlusion estimation.
Although there is no ground truth for backward flow nor an occlusion map for the
second image available for supervision, our bi-directional model is able to estimate
the backward flow and the second occlusion map well while only using the ground
truth of forward flow and the occlusion map for the first image (latter is only available
on Sintel) during fine-tuning.

5.3.7 Runtime analysis

We provide how much our proposed schemes affect runtime on each backbone
architecture. The runtime is measured on a single Tesla T4 GPU. Table 5.8 provides
runtime of each major model on FlowNet backbone architecture. Our IRR version
of FlowNet shows marginally faster runtime than the original FlowNet due to the
change in the encoder part. Along the increase on the number of iteration steps, the
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Model Runtime (ms)

FlowNetS baseline 22

FlowNetS with IRR (1 iteration) 19

FlowNetS with IRR (2 iterations) 35

FlowNetS with IRR (3 iterations) 51

IRR-FlowNet (2 iterations) 264

Table 5.8: Runtime analysis on FlowNet:
our IRR version of FlowNet is
marginally faster than the orig-
inal FlowNet, and the runtime
linearly increases with the num-
ber of iteration steps.

Model Runtime (ms)

PWC-Net baseline 62

PWC-Net with IRR 62

IRR-PWC 367

Table 5.9: Runtime analysis on PWC-Net: our
IRR version of PWC-Net keeps the
same runtime as the PWC-Net base-
line. The runtime increase on our fi-
nal model, IRR-PWC, comes the bi-
directional estimation, the occlusion
estimation, the bilateral refinement,
and the occlusion upsampling layer.

runtime also linearly increases, by approximately 16 (ms) per each additional iteration
step.

Table 5.9 provides the analysis on PWC-Net backbone architecture. Our IRR version
of PWC-Net maintains the same runtime as the PWC-Net baseline because the number
of iteration steps is the same as the number of pyramid levels. The runtime increase
on our final model, IRR-PWC, comes the bi-directional estimation, the occlusion
estimation, the bilateral refinement, and the occlusion upsampling layer.

5.4 discussion

In this chapter, we proposed an Iterative Residual Refinement (IRR) scheme based
on weight sharing for generic optical flow networks, with additional components for
bi-directional estimation and joint occlusion estimation. Application of our scheme
on top of the two representative flow networks, FlowNet (Dosovitskiy et al., 2015)
and PWC-Net (Sun et al., 2018), significantly improves flow accuracy with a better
generalization, notably with the fewer number of parameters in case of PWC-Net (Sun
et al., 2018). Especially as our second joint objective, the joint estimation of occlusion
and optical flow results in accuracy improvements on both domains and set the state
of the art on public benchmark datasets at the time of publication. We believe that
our powerful IRR scheme can be combined with other baseline networks and provide
the evidence base of other follow-up approaches, including multi-frame methods.
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3D Visualization of Estimated Depth

3D Visualization of Estimated Scene Flow
Two Temporally Consecutive  

Input Images 

Figure 6.1: Results of our monocular scene flow approach on the KITTI dataset (Geiger et al.,
2013). Given two consecutive images (left), our method jointly predicts depth and
scene flow (right). (x,z)-coordinates of 3D scene flow are visualized using an optical
flow color coding.
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90 self-supervised monocular scene flow estimation

As our last joint objective, we propose a scene flow approach that jointly estimates
depth and 3D motion from two temporally consecutive monocular images. This

monocular scene flow estimation, however, is a highly ill-posed problem, and practical
solutions are lacking to date. In this chapter, we present a novel monocular scene
flow method that yields competitive accuracy and real-time performance. Taking
an inverse problem view, we design a single Convolutional Neural Network (CNN)
that successfully estimates depth and 3D motion simultaneously from a classical
optical flow cost volume. We adopt self-supervised learning with 3D loss functions
and occlusion reasoning to leverage unlabeled data. We validate our design choices,
including the proxy loss and augmentation setup. Our model achieves state-of-the-art
accuracy among unsupervised/self-supervised learning approaches to monocular
scene flow, and yields competitive results for the optical flow and monocular depth
estimation sub-tasks. Semi-supervised fine-tuning further improves the accuracy and
yields promising results in real-time.

6.1 introduction

Scene flow estimation is the task of obtaining 3D structure and 3D motion of dynamic
scenes, which is crucial to environment perception, e. g., in the context of autonomous
navigation. Consequently, many scene flow approaches have been proposed recently,
based on different types of input data, such as stereo images (Huguet and Devernay,
2007; Schuster et al., 2018b; Vogel et al., 2013b; Wedel et al., 2011; Zhang and Kamb-
hamettu, 2001), 3D point clouds (Gu et al., 2019; Liu et al., 2019d), or a sequence of
RGB-D images (Hadfield and Bowden, 2011; Hornáček et al., 2014; Lv et al., 2018; Qiao
et al., 2018; Quiroga et al., 2014; Thakur and Mukherjee, 2018).1 However, each sensor
configuration has its own limitations, e. g. stereo calibration required for a stereo rig,
expensive sensing devices (e. g., LiDAR) for 3D point measurement, or exclusive indoor
usage (i. e., RGB-D camera). We here consider monocular 3D scene flow estimation, aiming
to overcome these limitations.

Monocular scene flow estimation, however, is a highly ill-posed problem, because
both monocular depth (also called single-view depth) and per-pixel 3D motion need
to be estimated from two temporally consecutive monocular frames. Relatively, few
approaches have been suggested so far (Brickwedde et al., 2019; Xiao et al., 2017), and
none of which achieves both reasonable accuracy and real-time performance.

Recently, a number of CNN approaches (Chen et al., 2019; Liu et al., 2019a; Luo
et al., 2019; Ranjan et al., 2019; Yang et al., 2018; Zou et al., 2018b) have been proposed
to jointly estimate depth, flow, and camera ego-motion in a monocular setup. This
makes it possible to recover 3D motion from the various outputs, but has critical
limitations, such as the depth–scale ambiguity (Ranjan et al., 2019; Zou et al., 2018b)
and impossible depth estimation in occluded regions (Chen et al., 2019; Liu et al.,
2019a; Luo et al., 2019; Yang et al., 2018), which significantly limit the ability to obtain
accurate 3D scene flow across the entire image.

1 Please refer to Section 2.2 for a more comprehensive review on those methods.



6.2 self-supervised monocular scene flow 91

In this chapter, we propose a CNNs-based monocular scene flow approach that
yields competitive accuracy and real-time performance. To the best of our knowledge,
our method is the first monocular scene flow method that directly predicts 3D scene
flow from a CNN. Due to the scarcity of 3D motion ground truth and the domain
over-fitting problem when using synthetic datasets (Butler et al., 2012; Mayer et al.,
2016), we train directly on the target domain in a self-supervised manner to leverage
large amounts of unlabeled data. Optional semi-supervised fine-tuning on limited
quantities of ground-truth data can further boost the accuracy. In order to estimate
depth and scene flow on an absolute scale, we utilize pairs of stereo images with their
known configurations at training time. At test time, our method is purely monocular
and needs only monocular images with known intrinsics.

We make three main technical contributions: (i) We propose to approach this ill-
posed problem by taking an inverse problem view. Noting that optical flow is the 2D
projection of a 3D point and its 3D scene flow, we take the inverse direction and
estimate scene flow in the monocular setting by decomposing a classical optical flow cost
volume into scene flow and depth using a single joint decoder. We use a standard optical
flow pipeline (PWC-Net (Sun et al., 2018)) as basis and adapt it for monocular scene
flow. We verify our architectural choice and motivation by comparing with multi-task
CNN approaches. (ii) We demonstrate that solving the monocular scene flow task
with a single joint decoder actually simplifies joint depth and flow estimation methods
(Chen et al., 2019; Liu et al., 2019a; Luo et al., 2019; Ranjan et al., 2019; Yang et al.,
2018; Zou et al., 2018b), and yields competitive accuracy despite a simpler network.
Existing multi-task CNN methods have multiple modules for the various tasks and
often require complex training schedules due to the instability of training multiple
CNNs jointly. In contrast, our method only uses a single network that outputs scene
flow and depth (as well as optical flow after projecting to 2D) with a simpler training
setup and better accuracy for depth and scene flow. (iii) We introduce a self-supervised
loss function for monocular scene flow as well as a suitable data augmentation scheme.
We introduce a view synthesis loss, a 3D reconstruction loss, and an occlusion-aware
loss, all validated in an ablation study. Interestingly, we find that the geometric
augmentations of the two tasks conflict with one another and determine a suitable
compromise using an ablation study.

After training on unlabeled data from the KITTI raw dataset (Geiger et al., 2013), we
evaluate on the KITTI Scene Flow dataset (Menze et al., 2015b; 2018) and demonstrate
highly competitive accuracy compared to previous unsupervised/self-supervised
learning approaches to monocular scene flow (Luo et al., 2019; Yang et al., 2018; Yin
and Shi, 2018), increasing the accuracy by 34.0%. The accuracy of our fine-tuned
network moves even closer to that of the semi-supervised method of Brickwedde et al.
(2019), while being orders of magnitude faster.

6.2 self-supervised monocular scene flow
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(a) Projecting scene flow into 2D space.
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(b) Back-projecting optical flow into 3D space.

Figure 6.2: Relating monocular scene flow estimation to optical flow: (a) Projection of scene
flow into the image plane yields optical flow (Yan and Xiang, 2016). (b) Back-
projection of optical flow leaves an ambiguity in jointly determining depth and
scene flow.

6.2.1 Problem formulation

For each pixel p = (px, py) in the reference frame It, our main objective is to estimate
the corresponding 3D point P = (Px, Py, Pz) and its (forward) scene flow s = (sx, sy, sz)
to the target frame It+1, as illustrated in Fig. 6.2a. The scene flow is defined as 3D
motion with respect to the camera, and its projection onto the image plane becomes
the optical flow f = ( fx, fy).

To estimate scene flow in the monocular camera setting, we take an inverse problem
approach: we use CNNs to estimate a classical optical flow cost volume as an intermediate
representation, which is then decomposed with a learned decoder into 3D points and
their scene flow. Unlike scene flow with a stereo camera setup (Lai et al., 2019; Lee
et al., 2019; Wang et al., 2019b), it is challenging to determine depth on an absolute
scale due to the scale ambiguity. Yet, relating per-pixel correspondence between two
images can provide a cue for estimating depth in the monocular setting. Also, given
an optical flow estimate, back-projecting optical flow into 3D yields many possible
combinations of depth and scene flow, see Fig. 6.2b, which makes the problem much
more challenging.
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Figure 6.3: Our monocular scene flow architecture based on PWC-Net (Sun et al., 2018):
while maintaining the overall original structure of PWC-Net, we modify the
decoder to output residual scene flow and (non-residual) disparity together. After the
residual update of scene flow, we project the scene flow back to optical flow using
depth. Then, the optical flow is used for warping the feature map (only 3 of 7
levels shown for ease of visualization) in the next pyramid level. The light-yellow
shaded region shows one forward pass for each pyramid level.

6.2.2 Network architecture

In contrast to previous work (Chen et al., 2019; Luo et al., 2019; Ranjan et al., 2019; Yang
et al., 2018; Yin and Shi, 2018; Zou et al., 2018b) that uses separate networks for each
task (e. g., optical flow, depth, and camera motion), our method only uses one single
CNN model that outputs both 3D scene flow and disparity2 through a single decoder.
We argue that having a single decoder is more sensible in our monocular setting
than separate decoders, because when decomposing evidence for 2D correspondence
into 3D structure and 3D motion, their interplay needs to be taken into account
(cf . Fig. 6.2b).

The first technical basis of our CNN model is PWC-Net (Sun et al., 2018), one of
the state-of-the-art optical flow networks, which we modify for our task. Fig. 6.3
illustrates our monocular scene flow architecture atop PWC-Net. PWC-Net has a
pyramidal structure that constructs a feature pyramid and incrementally updates the
estimation across the pyramid levels. The yellow-shaded area shows one forward
pass for each pyramid level.

While maintaining the original structure, we increase the number of feature chan-
nels in the pyramidal feature extractor from [16, 32, 64, 96, 128, 196] to [32, 64, 96, 128, 192, 256]
in order to have more discriminate features. We modify the decoder of each pyramid
level to output disparity and scene flow together by increasing the number of output
channels from 2 to 4 (i. e., 3 for scene flow and 1 for disparity). Following the benefit
of residual motion estimation in the context of optical flow (Hui et al., 2018; Hur and

2 Even though we do not have stereo images at test time, we still estimate disparity of a hypothetical
stereo setup following Godard et al. (2019, 2017), which can be converted into depth given the assumed
stereo configuration.
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Roth, 2019; Sun et al., 2018), we estimate residual scene flow at each level. In contrast,
we observe that residual updates hurt disparity estimation, hence we estimate (non-
residual) disparity at all levels. We conjecture that, unlike optical flow or scene flow,
learning to residually update disparity from a previous pyramid level is a harder task
than learning to output just non-residual disparity at each level. This conclusion may
depend on architectural chocies and warrants further investigation.

6.2.3 Addressing the scale ambiguity

When resolving the 3D ambiguities, it is not possible to determine the depth scale from
a single correspondence in two monocular images. In order to estimate depth and
scene flow on an absolute scale, we adopt the monocular depth estimation approach of
Godard et al. (2019, 2017) as our second basis, which utilizes pairs of stereo images
with their known stereo configuration and camera intrinsics K for training; at test
time, only monocular images and known intrinsics are needed. The core idea is to
let a network remember an absolute scale information of the training dataset, while
assuming that the same camera configuration is used at test time. The input of the
network is images from the left camera only. During training time, corresponding
images from the right camera guide the CNN to estimate the hypothetical disparity
d of the left images on an absolute scale by exploiting semantic and geometric cues
indirectly (Dijk and Croon, 2019) through a self-supervised loss function. Then the
depth d̂ can be trivially recovered given the baseline distance of a stereo rig b and
the camera focal length ffocal as d̂ = b · ffocal/d. We also use stereo images only for
training; at test time our approach is purely monocular. In our context, estimating depth
on an absolute scale helps to disambiguate scene flow on an absolute scale as well
(cf . Fig. 6.2b). Moreover, tightly coupling temporal correspondence and depth actually
helps to identify the appropriate absolute scale, which allows us to avoid unrealistic
testing settings that other monocular methods rely on (e. g., Ranjan et al. (2019),
Yin and Shi (2018), and Zou et al. (2018b) use ground truth to correctly scale their
predictions at test time). However, one major limitation of memorizing the absolute
scale of the training dataset is about generalization; correct scale estimation in other
datasets with different camera configurations is not possible, and the estimation will
be only up to scale. We leave scale-aware estimation on multiple datasets as future
work.

6.2.4 A proxy loss for self-supervised learning

Similar to previous monocular structure reconstruction methods (Chen et al., 2019;
Luo et al., 2019; Ranjan et al., 2019; Yang et al., 2018; Yin and Shi, 2018; Zhu et al.,
2019; Zou et al., 2018b), we exploit a view synthesis loss to guide the network to
jointly estimate disparity and scene flow. For better accuracy in both tasks, we exploit
occlusion cues through bi-directional estimation (Meister et al., 2018), here of disparity
and scene flow. Given a stereo image pair of the reference and target frame {Il

t, Il
t+1,

Ir
t , Ir

t+1}, we input a monocular sequence from the left camera (Il
t and Il

t+1) to the
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Figure 6.4: Illustration of disparity photometric loss: The disparity photometric loss penal-
izes the photometric difference between the left image and the reconstructed left
image only for visible pixels.

network and obtain a disparity map of each frame (dl
t and dl

t+1) as well as forward
and backward scene flow (sl

fw and sl
bw) by simply switching the temporal order of the

input. The two images from the right camera (Ir
t and Ir

t+1) are used only as a guidance
in the loss function and are not used at test time. Our total loss is a weighted sum of
a disparity loss Ld and a scene flow loss Lsf,

Ltotal = Ld + lsfLsf. (6.1)

Disparity loss. Based on the approach of Godard Godard et al. (2019, 2017), we
propose an occlusion-aware monocular disparity loss, consisting of a photometric
loss Ld_ph and a smoothness loss Ld_sm,

Ld = Ld_ph + ld_smLd_sm, (6.2)

with regularization parameter ld_sm = 0.1. The disparity loss is applied to both
disparity maps dl

t and dl
t+1. For brevity, we only describe the case of dl

t.
The photometric loss Ld_ph penalizes the photometric difference between the left

image Il
t and the reconstructed left image Ĩl,d

t , which is synthesized from the output
disparity map dl

t and the given right image Ir
t using bilinear interpolation (Jaderberg

et al., 2015). Different to Godard et al. (2019, 2017), we only penalize the photometric
loss for non-occluded pixels as illustrated in Fig. 6.4. Following standard practice
(Godard et al., 2019; 2017), we use a weighted combination of an L1 loss and the
structural similarity index (SSIM) (Wang et al., 2004):

Ld_ph =
Âp

�
1�Ol,disp

t (p)
�
· r

�
Il

t(p), Ĩl,d
t (p)

�

Âq
�
1�Ol,disp

t (q)
� (6.3a)

with

r(a, b) = a
1� SSIM(a, b)

2
+ (1� a)ka� bk1, (6.3b)

where a = 0.85 and Ol,disp
t is the disparity occlusion mask (0 – visible, 1 – occluded).

To obtain the occlusion mask Ol,disp
t , we feed the right image Ir

t into the network to
obtain the right disparity dr

t and take the inverse of its disocclusion map, which is
obtained by forward-warping the right disparity map (Hur and Roth, 2017; Wang
et al., 2018).
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(a) Photometric loss.
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(b) 3D point reconstruction loss.

Figure 6.5: Scene flow losses: (a) Finding corresponding pixels given depth and scene flow
for the photometric loss Lsf_ph (Eq. (6.7)). (b) Penalizing 3D distance (dashed, red)
between corresponding 3D points by the point reconstruction loss Lsf_pt (Eq. (6.8)).

To encourage locally smooth disparity estimates, we adopt an edge-aware 2nd-order
smoothness (Liu et al., 2019a; Meister et al., 2018; Woodford et al., 2008),

Ld_sm =
1
N Â

p
Â

i2{x,y}

��r2
i dl

t(p)
�� · e�bkriIl

t(p)k1 , (6.4)

with b = 10 and N being the number of pixels.

Scene flow loss. The scene flow loss consists of three terms – a photometric loss
Lsf_ph, a 3D point reconstruction loss Lsf_pt, and a scene flow smoothness loss Lsf_sm,

Lsf = Lsf_ph + lsf_ptLsf_pt + lsf_smLsf_sm, (6.5)

with regularization parameters lsf_pt = 0.2 and lsf_sm = 200.3 The scene flow loss is
applied to both forward and backward scene flow (sl

fw and sl
bw). Again for brevity,

we only describe the case of forward scene flow sl
fw.

The scene flow photometric loss Lsf_ph penalizes the photometric difference between
the reference image Il

t and the reconstructed reference image Ĩl,sf
t , synthesized from

the disparity map dl
t, the output scene flow sl

fw, and the target image Il
t+1 (cf . Fig. 6.6a).

To reconstruct the image, the corresponding pixel coordinate p0 in Il
t+1 of each pixel

p in Il
t is calculated by back-projecting the pixel p into 3D space using the camera

intrinsics K and estimated depth d̂l
t(p), translating the points using the scene flow

sl
fw(p), and then re-projecting them to the image plane (cf . Fig. 6.5a),

p0 = K
⇣

d̂l
t(p) · K�1p + sl

fw(p)
⌘

, (6.6)

3 We provide a study on the choice of hyper-parameter in Appendix C.3.
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(b) 3D point reconstruction loss.

Figure 6.6: Illustration of scene flow loss: (a) The scene flow photometric loss (Eq. (6.7))
penalizes the photometric difference between the reference image and the recon-
structed reference image. (b) The 3D point reconstruction loss (Eq. (6.8)) penalizes
the Euclidean distance between the two corresponding 3D points. Both losses are
only applied on visible pixels.

assuming a homogeneous coordinate representation. Then, we apply the same
occlusion-aware photometric loss as in the disparity case (Eq. (6.3a)),

Lsf_ph =
Âp

�
1�Ol,sf

t (p)
�
· r

�
Il

t(p), Ĩl,sf
t (p)

�

Âq
�
1�Ol,sf

t (q)
� , (6.7)

where Ol,sf
t is the scene flow occlusion mask, obtained by calculating disocclusion

using the backward scene flow sl
bw.

Additionally, as visualized in Fig. 6.6b, we also penalize the Euclidean distance
between the two corresponding 3D points, i. e. the translated 3D point of pixel p from
the reference frame and the matched 3D point in the target frame (cf . Fig. 6.5b):

Lsf_pt =
Âp

�
1�Ol,sf

t (p)
�
·
��P0t � P0t+1

��
2

Âq
�
1�Ol,sf

t (q)
� , (6.8a)

with
P0t = d̂l

t(p) · K�1p + sl
fw(p) (6.8b)

P0t+1 = d̂l
t+1(p

0) · K�1p0, (6.8c)

and p0 as defined in Eq. (6.6). Again, this 3D point reconstruction loss is only applied
on visible pixels, where the correspondence should hold.

Analogous to the disparity loss in Eq. (6.4), we also adopt edge-aware 2nd-order
smoothness for scene flow to encourage locally smooth estimation:

Lsf_sm =
1
N Â

p
Â

i2{x,y}

��r2
i sl

fw(p)
�� · e�bkriIl

t(p)k1 . (6.9)
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Monocular depth Monocular scene flow

Aug. CC. Abs. Rel. Sq. Rel. D1-all D2-all Fl-all SF-all

0.113 1.118 32.06 36.46 24.68 49.89

3 0.122 1.172 31.25 34.86 23.49 47.05
3 0.112 1.089 37.24 39.26 24.82 54.83

3 3 0.121 1.155 33.25 36.21 24.73 49.12

Table 6.1: Impact of geometric augmentations (Aug.) and CAM-Convs (CC.) (Facil et al.,
2019) on monocular depth and scene flow estimation (on KITTI split, see text):
the accuracy of monocular depth estimation improves only when using CAM-
Convs while that of monocular scene flow estimation improves when only using
augmentation without CAM-Convs.

6.2.5 Data augmentation

In many prediction tasks, data augmentation is crucial to achieving good accuracy
given limited training data. In our monocular scene flow task, unfortunately, the
typical geometric augmentation schemes of the two tasks (i. e., monocular depth
estimation, scene flow estimation) conflict each other. For monocular depth estimation,
not performing geometric augmentation is desirable as it enables learning the scene
layout under a fixed camera configuration (Dijk and Croon, 2019; Hu et al., 2019).
On the other hand, the scene flow necessitates geometric augmentations to match
corresponding pixels better (Jiang et al., 2019; Mayer et al., 2016).

We investigate which type of (geometric) augmentation is suitable for our monoc-
ular scene flow task and method. Similar to previous multi-task approaches (Chen
et al., 2019; Ranjan et al., 2019; Zou et al., 2018b), we prepare a simple data aug-
mentation scheme, consisting of random scales, cropping, resizing, and horizontal
image flipping. Upon the augmentation, we also explore the recent CAM-Convs (Facil
et al., 2019), which facilitate depth estimation irrespective of the camera intrinsics.
After applying augmentations on the input images, we calculate the resulting camera
intrinsics and then input them in the format of CAM-Convs (see Facil et al. (2019)
for technical details). We conjecture that using geometric augmentation will improve
the scene flow accuracy. Yet, at the same time adopting CAM-Convs (Facil et al.,
2019) could prevent the depth accuracy from dropping due to the changes in camera
intrinsics of the augmented images. We conduct our empirical study on the KITTI split
(Godard et al., 2017) of the KITTI raw dataset (Geiger et al., 2013) (see Section 6.3.1 for
details).

Empirical study for monocular depth estimation. We use a ResNet18-based monoc-
ular depth baseline (Godard et al., 2017) using our proposed occlusion-aware loss.
Table 6.1 (left hand side) shows the results. As we can see, geometric augmentations
deteriorate the depth accuracy, since they prevent the network from learning a specific
camera prior by inputting augmented images with diverse camera intrinsics; this
observation holds with and without CAM-Convs. This likely explains why some
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multi-task approaches (Lai et al., 2019; Lee et al., 2019; Liu et al., 2019a; Wang et al.,
2019b) only use minimal augmentation schemes such as image flipping and input
temporal-order switching. Only using CAM-Convs (Facil et al., 2019) works best
as the test dataset contains images with different intrinsics, which CAM-Convs can
handle.

Empirical study for monocular scene flow estimation. We train our full model with
the proposed loss from Eq. (6.1). Looking at the right side of Table 6.1 yields different
conclusions for monocular scene flow estimation: using augmentation improves the
scene flow accuracy in general, but using CAM-Convs (Facil et al., 2019) actually hurts
the accuracy. We conjecture that the benefit of CAM-Convs – introducing a test-time
dependence on input camera intrinsics – may be redundant for correspondence
tasks (i. e. optical flow, scene flow) and can hurt the accuracy. We also observe that
CAM-Convs lead to slight over-fitting on the training set, yielding marginally lower
training loss (e. g., < 1%) but with higher error on the test set. Therefore, we apply
only geometric augmentation without CAM-Convs in the following.

6.3 experiments

6.3.1 Implementation details

Dataset. For evaluation, we use the KITTI raw dataset (Geiger et al., 2013), which
provides stereo sequences covering 61 street scenes. For the scene flow experiments,
we use the KITTI Split (Godard et al., 2017): we first exclude 29 scenes contained
in KITTI Scene Flow Training (Menze et al., 2015b; 2018) and split the remaining 32
scenes into 25 801 sequences for training and 1684 for validation. For evaluation
and the ablation study, we use KITTI Scene Flow Training as test set, since it provides
ground-truth labels for disparity and scene flow for 200 images.

After training on KITTI Split in a self-supervised manner, we optionally fine-tune
our model using KITTI Scene Flow Training (Menze et al., 2015b; 2018) to see how much
accuracy gain can be obtained from annotated data. We fine-tune our model in a
semi-supervised setting by combining a supervised loss with our self-supervised loss
(see below for details).

Additionally for evaluating monocular depth accuracy, we also use the Eigen Split
(Eigen et al., 2014) by excluding 28 scenes that the 697 test sequences cover, splitting
into 20 120 training sequences and 1338 validation sequences.

Data augmentation. We adopt photometric augmentations with random gamma,
brightness, and color changes. As discussed in Section 6.2.5, we use geometric aug-
mentations consisting of horizontal flips (Lai et al., 2019; Lee et al., 2019; Liu et al.,
2019a; Wang et al., 2019b), random scales, random cropping (Chen et al., 2019; Ranjan
et al., 2019; Zou et al., 2018b), and then resizing into 256⇥ 832 pixels as in previous
work (Lee et al., 2019; Liu et al., 2019a; Luo et al., 2019; Ranjan et al., 2019; Yang et al.,
2018). Please refer to Appendix C.2 for details on the augmentation settings.
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Self-supervised training. Our network is trained using Adam (Kingma and Ba, 2015)
with hyper-parameters b1 = 0.9 and b2 = 0.999. Our initial learning rate is 2⇥ 10−4,
and the mini-batch size is 4. We train our network for a total of 400k iterations.4 In
every iteration, the regularization weight lsf in Eq. (6.1) is dynamically determined
to make the loss of the scene flow and disparity be equal in order to balance the
optimization of the two joint tasks (Hur and Roth, 2019). Our specific learning rate
schedule, as well as details on hyper-parameter choice and data augmentation are
provided in Appendices C.1 and C.2.

Unlike previous approaches requiring stage-wise pre-training (Lee et al., 2019; Liu
et al., 2019a; Wang et al., 2019b; Zou et al., 2018b) or iterative training (Luo et al., 2019;
Ranjan et al., 2019; Yang et al., 2018) of multiple CNNs due to the instability of joint
training, our approach does not need any complex training strategies, but can just be
trained from scratch all at once. This highlights the practicality of our method.

Semi-supervised fine-tuning. We optionally fine-tune our trained model in a semi-
supervised manner by mixing the two datasets, the KITTI raw dataset (Geiger et al.,
2013) and KITTI Scene Flow Training (Menze et al., 2015b; 2018), at a ratio of 3 : 1 in each
batch of 4. The latter dataset provides sparse ground truth of the disparity map of the
reference image, disparity information at the target image mapped into the reference
image, as well as optical flow. We apply our self-supervised loss to all samples and a
supervised loss (L2 for optical flow, L1 for disparity) only for the sample from KITTI
Scene Flow Training after converting the scene flow into two disparity maps and optical
flow. Through semi-supervised fine-tuning, the proxy loss can guide pixels that the
sparse ground truth cannot supervise. Moreover, the model can be prevented from
heavy over-fitting on the only 200 annotated images by leveraging more data. We
train the network for 45k iterations with the learning rate starting at 4⇥ 10−5 (see
Appendices C.1 and C.2).

Evaluation metric. For evaluating the scene flow accuracy, we follow the evaluation
metric of KITTI Scene Flow benchmark (Menze et al., 2015b; 2018). It evaluates the
accuracy of the disparity for the reference frame (D1-all) and for the target image
mapped into the reference frame (D2-all), as well as of the optical flow (Fl-all). Each
pixel that exceeds a threshold of 3 pixels and 5% w. r. t. the ground-truth disparity
or optical flow is regarded as an outlier; the metric reports the outlier ratio (in %)
among all pixels with available ground truth. Furthermore, if a pixel satisfies all
metrics (i. e., D1-all, D2-all, and Fl-all), it is regarded as valid scene flow estimate from
which the outlier rate for scene flow (SF-all) is calculated. For evaluating the depth
accuracy, we follow the standard evaluation scheme introduced by Eigen et al. (2014).
We assume known test-time camera intrinsics.

6.3.2 Ablation study

To confirm the benefit of our various contributions, we conduct ablation studies based
on our full model using the KITTI split with data augmentation applied.

4 Code is available at https://github.com/visinf/self-mono-sf.

https://github.com/visinf/self-mono-sf
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Occ. 3D points D1-all D2-all Fl-all SF-all

(Basic) 33.31 51.33 24.74 64.05

3 30.99 50.89 23.55 62.50

3 32.07 36.01 27.30 49.27

3 3 31.25 34.86 23.49 47.05

Table 6.2: Ablation study on the loss function: based on the Basic 2D loss consisting of
photometric and smoothness loss, the 3D point reconstruction loss (3D points)
improves scene flow accuracy, especially when discarding occluded pixels in the
loss (Occ.).

Proxy loss for self-supervised learning. Our proxy loss consists of three main
components: (i) Basic: a basic combination of 2D photometric and smoothness losses,
(ii) 3D points: the 3D point reconstruction loss for scene flow, and (iii) Occ.: whether
applying the photometric and point reconstruction loss only for visible pixels or not.
Table 6.2 shows the contribution of each loss toward the accuracy.

The 3D points loss significantly contributes to more accurate scene flow by yielding
more accurate disparity on the target image (D2-all). This highlights the importance
of penalizing the actual 3D Euclidean distance between two corresponding 3D points
(cf . Fig. 6.5b), which typical loss functions in 2D space (i. e. Basic loss) as in previous
work (Luo et al., 2019; Yang et al., 2018) cannot.

Taking occlusion into account consistently improves the scene flow accuracy further.
The main objective of our proxy loss is to reconstruct the reference image as closely as
possible, which can lead to hallucinating potentially incorrect estimates of disparity
and scene flow in the occluded areas. Thus, discarding occluded pixels in the loss is
critical to achieving accurate predictions.

We provide a qualitative comparison of each setting in Appendix C.5.

Single decoder vs. separate decoders. To verify the key motivation of decomposing
optical flow cost volumes into depth and scene flow using a single decoder, we compare
against a model with separate decoders for each task, which follows the conventional
design of other multi-task methods (Chen et al., 2019; Liu et al., 2019a; Luo et al., 2019;
Ranjan et al., 2019; Yang et al., 2018; Zou et al., 2018b). We also prepare two baselines
that estimate either monocular depth or optical flow only, to assess the capacity of
our modified PWC-Net for each task.

Table 6.3 demonstrates our ablation study on the network design. First, our model
with a single decoder achieves comparable or even higher accuracy on the depth and
optical flow tasks, compared to using the same network only for each individual task.
We thus conclude that solving monocular scene flow using a single joint network can
substitute the two individual tasks given the same amount of training resources and
network capacity.

When separating the decoders, we find that the network cannot be trained stably,
yielding trivial solutions for disparity. This is akin to issues observed by previous
multi-task approaches, which require pre-training or iterative training for multiple
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Model D1-all D2-all Fl-all SF-all

Monocular depth only 27.59 – – –

Optical flow only – – 24.27 –

Scene flow w/ separate decoders 100 97.22 27.63 100

Scene flow w/ a single decoder 31.25 34.86 23.49 47.05

Table 6.3: Single decoder vs. separate decoders: using a single decoder yields stable training
and comparable accuracy on both tasks to models that target each individual task
separately.

Method D1-all D2-all Fl-all SF-all Runtime

DF-Net (Zou et al., 2018b) 46.50 61.54 27.47 73.30 –

GeoNet (Yin and Shi, 2018) 49.54 58.17 37.83 71.32 0.06 s

EPC (Yang et al., 2018) 26.81 60.97 25.74 (>60.97) 0.05 s

EPC++ (Luo et al., 2019) 23.84 60.32 19.64 (>60.32) 0.05 s

Self-Mono-SF (Ours) 31.25 34.86 23.49 47.05 0.09 s

Mono-SF (Brickwedde et al., 2019) 16.72 18.97 11.85 21.60 41 s

Self-Mono-SF-ft (Ours) (2.89) (3.91) (6.19) (7.53) 0.09 s

Table 6.4: Monocular scene flow evaluation on KITTI Scene Flow Training: our self-supervised
learning approach significantly outperforms all multi-task CNN methods (upper
rows) on the scene flow metric, SF-all. Lower rows provide the accuracy of a semi-
supervised method (Brickwedde et al., 2019) and our fine-tuned model.

CNNs (Lee et al., 2019; Liu et al., 2019a; Luo et al., 2019; Ranjan et al., 2019; Wang
et al., 2019b; Yang et al., 2018; Zou et al., 2018b). In contrast, having a single decoder
resolves the imbalance and stability problem by virtue of joint estimation. We include
a more comprehensive analysis in Appendix C.4, gradually splitting the decoder to
closely analyze its behavior.

6.3.3 Monocular scene flow

Table 6.4 demonstrates the comparison to existing monocular scene flow methods on
KITTI Scene Flow Training. We compare against state-of-the-art multi-task CNN methods
(Luo et al., 2019; Yang et al., 2018; Yin and Shi, 2018; Zou et al., 2018b) on the scene
flow evaluation metric. Our model significantly outperforms these methods by a large
margin, confirming our method as the most accurate monocular scene flow method
using CNNs to date. For example, our method yields more than 40.1% accuracy gain
for estimating the disparity on the target image (D2-all). Though the two methods,
EPC (Yang et al., 2018) and EPC++ (Luo et al., 2019), do not provide scene flow
accuracy numbers (SF-all), we can conclude that our method clearly outperforms all
four methods in SF-all, since SF-all is lower-bounded by D2-all.
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Method D1-all D2-all Fl-all SF-all Runtime

DRISF (Ma et al., 2019) 2.55 4.04 4.73 6.31 0.75 s

SENSE (Jiang et al., 2019) 2.22 5.89 7.64 9.55 0.32 s

PWOC-3D (Saxena et al., 2019) 5.13 8.46 12.96 15.69 0.13 s

UnOS (Wang et al., 2019b) 6.67 12.05 18.00 22.32 0.08 s

Mono-SF (Brickwedde et al., 2019) 16.32 19.59 12.77 23.08 41 s

Self-Mono-SF (Ours) 34.02 36.34 23.54 49.54 0.09 s

Self-Mono-SF-ft (Ours) 22.16 25.24 15.91 33.88 0.09 s

Table 6.5: Scene flow evaluation on KITTI Scene Flow Test: we compare our method with
stereo (top) and monocular (bottom) scene flow methods. Despite the difficult setting,
our fine-tuned model demonstrates encouraging results in real-time.

Our self-supervised learning approach (Self-Mono-SF) is outperformed only by
Mono-SF (Brickwedde et al., 2019), which is a semi-supervised method using pseudo
labels, semantic instance knowledge, and an additional dataset (Cityscapes (Cordts
et al., 2016)). However, our method runs more than two orders of magnitude faster.
We also provide the accuracy of our fine-tuned model (Self-Mono-SF-ft) on the training
set for reference.

(a) Input images (b) Monocular depth (c) Optical flow (d) 3D visualization of scene flow

Figure 6.7: Qualitative results of our monocular scene flow results (Self-Mono-SF-ft) on
KITTI 2015 Scene Flow Test: each scene shows (a) two input images, (b) monocular
depth, (c) optical flow, and (d) a 3D visualization of estimated depth, overlayed
with the reference image, and colored with the (x, z)-coordinates of the 3D scene
flow using the standard optical flow color coding.

Table 6.5 shows the comparison with stereo and monocular scene flow methods
on the KITTI Scene Flow 2015 benchmark. Fig. 6.7 provides a visualization. Our semi-
supervised fine-tuning further improves the accuracy, going toward that of Mono-SF
(Brickwedde et al., 2019), but with a more than 400⇥ faster run-time. For further
accuracy improvements, e. g. rigidity refinement (Jiang et al., 2019; Liu et al., 2019a),
exploiting an external dataset (Cordts et al., 2016) for pre-training, or pseudo ground
truth (Brickwedde et al., 2019) can be applied on top of our self-supervised learning
and semi-supervised fine-tuning pipeline without affecting run-time.
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Reference image Target image Reference image Target image

Self-Mono-SF-ft
(Ours)

Mono-SF
(Brickwedde et al., 2019)

Self-Mono-SF-ft
(Ours)

Mono-SF
(Brickwedde et al., 2019)

D
1
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r. 11.38 % 20.88 % 6.90 % 13.31 %
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2
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2
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r. 13.56 % 22.75 % 7.62 % 16.72 %
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r. 4.92 % 8.54 % 8.89 % 5.68 %
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r. 14.63 % 23.31 % 13.80 % 19.29 %

Figure 6.8: Some successful cases and qualitative comparison with the state of the art on the
KITTI 2015 Scene Flow public benchmark (Menze et al., 2015b; 2018). In the first
row, we show two input images, the reference and target image. From the second
to the last row, we give a qualitative comparison with Mono-SF (Brickwedde et al.,
2019): the disparity map of the reference image (D1) with its error map (D1 Err.),
disparity estimation at the target image mapped into the reference frame (D2)
along with its error map (D2 Err.), optical flow (Fl) with its error map (Fl Err.), and
the scene flow error map (SF Err.). The outlier rates are overlayed on each error
map.

6.3.4 Qualitative Comparison

We provide some qualitative examples of our monocular scene flow estimation by
comparing with the state-of-the-art Mono-SF method (Brickwedde et al., 2019), which
uses an integrated pipeline of CNNs and an energy-based model. Figs. 6.8 and 6.9
show successful qualitative results as well as some failure cases of our fine-tuned
model on the KITTI 2015 Scene Flow public benchmark (Menze et al., 2015b; 2018),
respectively.

In Fig. 6.8, our model outputs more accurate disparity and optical flow estimation
results than Mono-SF (Brickwedde et al., 2019) without using an explicit planar
surface representation or a rigid motion assumption, which would be beneficial for
achieving better accuracy on the KITTI 2015 Scene Flow public benchmark.

Fig. 6.9, in contrast, shows some of the failure cases, where our model outputs less
accurate results for scene flow estimation than Mono-SF (Brickwedde et al., 2019).
Although our model can estimate optical flow with an accuracy comparable to Mono-
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Reference image Target image Reference image Target image

Self-Mono-SF-ft
(Ours)

Mono-SF
(Brickwedde et al., 2019)

Self-Mono-SF-ft
(Ours)

Mono-SF
(Brickwedde et al., 2019)

D
1

D
1

Er
r. 14.41 % 9.08 % 27.64 % 15.90 %

D
2

D
2

Er
r. 20.42 % 10.02 % 29.30 % 18.90 %
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r. 8.41 % 12.32 % 13.24 % 13.86 %
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r. 25.25 % 15.60 % 37.65 % 20.33 %

Figure 6.9: Failure cases and qualitative comparison with the state of the art on the KITTI
2015 Scene Flow public benchmark (Menze et al., 2015b; 2018). In the first row,
we show two input images, the reference and target image. From the second to
the last row, we give a qualitative comparison with Mono-SF (Brickwedde et al.,
2019): the disparity map of the reference image (D1) with its error map (D1 Err.),
disparity estimation at the target image mapped into the reference frame (D2)
with its error map (D2 Err.), optical flow (Fl) with its error map (Fl Err.), and the
scene flow error map (SF Err.). The outlier rates are overlayed on each error map.

SF, inaccurate disparity estimation eventually leads to less accurate scene flow. The
gap in terms of the disparity accuracy of ours vs. Mono-SF (Brickwedde et al., 2019)
can be explained by the fact that Mono-SF exploits over 20 000 instances of pseudo
ground-truth depth data to train their monocular depth model, while our method
uses only 200 images for fine-tuning.

6.3.5 Monocular depth and optical flow

We also provide a comparison to unsupervised multi-task CNN approaches (Chen
et al., 2019; Liu et al., 2019a; Luo et al., 2019; Ranjan et al., 2019; Yang et al., 2018; Yin
and Shi, 2018; Zou et al., 2018b) regarding the accuracy of depth and optical flow. We
do not report methods that use extra datasets (e. g., the Cityscapes dataset (Cordts
et al., 2016)) for pre-training or online fine-tuning (Chen et al., 2019), which is known
to give an accuracy boost.



106 self-supervised monocular scene flow estimation

(lower is better) (higher is better)

Split Method Abs Rel Sq Rel RMSE RMSE log d<1.25 d<1.252 d<1.253

K
IT

TI

DF-Net (Zou et al., 2018b) 0.150 1.124 5.507 0.223 0.806 0.933 0.973

EPC§ (Yang et al., 2018) 0.109 1.004 6.232 0.203 0.853 0.937 0.975

Liu et al. (2019a)§ 0.108 1.020 5.528 0.195 0.863 0.948 0.980

Self-Mono-SF (Ours)§ 0.106 0.888 4.853 0.175 0.879 0.965 0.987

Ei
ge

n

GeoNet (Yin and Shi, 2018) 0.155 1.296 5.857 0.233 0.793 0.931 0.973

CC (Ranjan et al., 2019) 0.140 1.070 5.326 0.217 0.826 0.941 0.975

GLNet(-ref.) (Chen et al., 2019) 0.135 1.070 5.230 0.210 0.841 0.948 0.980
EPC§ (Yang et al., 2018) 0.127 1.239 6.247 0.214 0.847 0.926 0.969

EPC++§ (Luo et al., 2019) 0.127 0.936 5.008 0.209 0.841 0.946 0.979

Self-Mono-SF (Ours)§ 0.125 0.978 4.877 0.208 0.851 0.950 0.978

Table 6.6: Monocular depth comparison: our method demonstrates superior accuracy on the
KITTI split and competitive accuracy on the Eigen split compared to all published
multi-task methods. §method using stereo sequences for training.

Train Test

Method EPE Fl-all Fl-all

St
er

eo

Lai et al. (2019) 7.13 27.13 –

Lee et al. (2019) 8.74 20.88 –

UnOS (Wang et al., 2019b) 5.58 – 18.00

M
on

oc
ul

ar

GeoNet (Yin and Shi, 2018) 10.81 – –

DF-Net (Zou et al., 2018b) 8.98 26.01 25.70

GLNet (Chen et al., 2019) 8.35 – –

EPC§ (Yang et al., 2018) – 25.74 –

EPC++§ (Luo et al., 2019) 5.43 19.64 20.52
Liu et al. (2019a)§ 5.74 – –

Self-Mono-SF (Ours)§ 7.51 23.49 23.54

Table 6.7: Optical flow estimation on the KITTI split: our method demonstrates comparable
accuracy to both monocular and stereo-based multi-task methods.

For monocular depth estimation in Table 6.6, our monocular scene flow method
outperforms all published multi-task methods on the KITTI Split (Godard et al., 2017)
and demonstrates competitive accuracy on the Eigen split (Eigen et al., 2014). Note
that some of the methods (Ranjan et al., 2019; Yin and Shi, 2018; Zou et al., 2018b)
use ground truth to correctly scale their predictions at test time, which gives them an
unfair advantage, but are still outperformed by ours.

For optical flow estimation in Table 6.7, our method demonstrates comparable
accuracy to existing state-of-the-art monocular (Chen et al., 2019; Yang et al., 2018;
Yin and Shi, 2018; Zou et al., 2018b) and stereo methods (Lai et al., 2019; Lee et al.,
2019), in part outperforming them.
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Figure 6.10: Qualitative examples in the presence of ego-motion: the left column visualizes
overlayed input images, output optical flow and depth when there is no cam-
era ego-motion. The right column demonstrates the outputs when there exists
camera ego-motion. Without camera ego-motion, our model relies learned prior
knowledge for the depth estimation. In the presence of ego-motion, our model
additionally exploits the two-view geometry cue for the depth estimation.

One reason why our flow accuracy may not surpass all previous methods is that
we use a 3D scene flow regularizer and not a 2D optical flow regularizer. This is
consistent with our goal of estimating 3D scene flow, but it is known that using a
regularizer in the target space is critical for achieving the best accuracy (Vogel et al.,
2015). While our choice of 3D regularizer is not ideal for optical flow estimation,
its benefits manifest in 3D. For example, while we do not outperform EPC++ (Luo
et al., 2019) in terms of 2D flow accuracy, we clearly surpass it in terms of scene
flow accuracy (see Table 6.4). Consequently, our approach is not only the first CNN
approach to monocular scene flow estimation that directly predicts the 3D scene flow,
but also outperforms existing multi-task CNNs.

6.3.6 Qualitative examples on the presence of ego-motion

Finally, we provide an evidence on how our model perceives depth from two tem-
porally consecutive images. Fig. 6.10 visualizes the two cases where there exists
camera ego-motion or not. When the camera is static, our model relies on learned
prior knowledge for the depth estimation, similar to conventional monocular depth
methods. Our model, unfortunately, fails to properly estimate depth on traffic lights
(highlighted with color) in the static scene. In the presence of ego-motion, on the
other hand, our model is able to estimate depth on the traffic lights. This suggests
that our model additionally exploits the motion cue (i. e., two-view geometry) for the
depth estimation as well as learned prior knowledge.
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6.4 discussion

In this chapter, we proposed a CNN-based monocular scene flow estimation approach
that jointly estimates depth and 3D scene flow, as our last joint objective. A crucial
feature is our single joint decoder for depth and scene flow, which allows overcoming
the limitations of existing multi-task approaches such as complex training schedules
or lacking occlusion handling. We take a self-supervised approach, where our 3D
loss function and occlusion reasoning significantly improve the accuracy. Moreover,
we show that a suitable augmentation scheme is critical for competitive accuracy.
Our model achieves state-of-the-art scene flow accuracy among un-/self-supervised
monocular methods, and our semi-supervised fine-tuned model approaches the
accuracy of the best monocular scene flow method to date while being orders of
magnitude faster. With competitive accuracy and real-time performance, our method
provides a solid foundation for CNN-based monocular scene flow estimation as well
as follow-up work.



7
C O N C L U S I O N A N D O U T L O O K

In this dissertation, we proposed how to jointly formulate multiple tasks for scene
understanding and what kind of benefits can be obtained from the joint estimation.

We demonstrated that the joint formulation can provide additional evidence cues to
each other (e. g. optical flow and semantic segmentation), resolve ambiguities in a
chicken-and-egg relationship (e. g. optical flow and occlusion), and even simplify mul-
tiple tasks (e. g. depth and motion via monocular scene flow estimation), which overall
improves the accuracy over individual formulations. We conclude the dissertation by
summarizing our contributions and presenting future perspecitives.

7.1 contributions

Bridging optical flow and semantic segmentation. Though the two tasks are not
directly related, we demonstrated that each task can successfully benefits the other in
the temporal domain. In Chapter 3, we proposed a piece-wise optical flow model as a
baseline model which itself already achieves competitive results. Then from bottom-up
semantic cues, we embed semantic information through label consistency and epipolar
constraints for static objects in which motion should follow the camera ego-motion.
Our experiment on temporally consistent semantic segmentation demonstrates the
benefit of our approach by reducing false positives and flickering.

Joint optical flow and occlusion estimation. In Chapter 4, we addressed the chicken-
and-egg problem that optical flow and occlusion present, and proposed a symmetrical
method that jointly estimates bi-directional optical flow and occlusion maps for each
view. Unlike most of the previous methods that consider occlusion as outliers, we
formulate to jointly estimate them altogether and demonstrated significant optical
flow accuracy improvement especially in occluded areas. On top of a piecewise
rigid motion model, we exploit both forward-backward consistency of the flow as
well as occlusion-disocclusion symmetry. For the challenging KITTI benchmark at the
time of submission, we report leading results even without employing any semantic
knowledge or learning of appearance descriptors.

Further in Chapter 5, we demonstrated that optical flow and occlusion can also
successfully exploit their relationship in CNN. We proposed an Iterative Residual
Refinement (IRR) scheme based on weight sharing for optical flow backbone networks,
additionally estimating bi-directional flow and occlusion jointly. This is inspired
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by classical energy-based methods that iteratively and residually update previous
estimates using a single optimizer. Application of the scheme on top of the two
representative backbone networks, FlowNet (Dosovitskiy et al., 2015) and PWC-Net
(Sun et al., 2018), significantly improves flow accuracy with a better generalization
while even reducing the number of network parameters in case of PWC-Net (Sun
et al., 2018). Joint estimation of occlusion with optical flow brings accuracy gains on
both tasks and set the state of the art on public benchmark datasets at the time of
publication.

Monocular scene flow estimation. In Chapter 6, we proposed a CNN-based monocular
scene flow approach that jointly predicts 3D scene flow and depth from two temporally
consecutive monocular images. Based on PWC-Net (Sun et al., 2018), we use a single
joint decoder that outputs the joint objectives from a classical optical flow cost volume.
This simple architecture design choice allows overcoming the limitations of existing
multi-task approaches that require complex training schedules due to having multiple
decoders. We take a self-supervised approach, where our 3D loss function and
occlusion reasoning significantly improve the accuracy. This further allows our model
to exploit a large amount of unlabeled data without concerns about the shortage of
3D data annotation. Our model achieves state-of-the-art scene flow accuracy among
un-/self-supervised monocular methods, and our semi-supervised fine-tuned model
approaches the accuracy of the best monocular scene flow method while being orders
of magnitude faster. Furthermore, our model demonstrates competitive accuracy on
monocular depth and optical flow subtasks in 2D.

7.2 future perspectives

We successfully demonstrated the advantages of joint formulations, substantially
improving accuracy on each task; yet, there still exist many open challenges. In
this section, we discuss existing limitations of our proposed methods and future
perspectives for further improvement.

Multiple frame estimation. Our methods assume that only two temporally consecu-
tive monocular images are given as input. This is a challenging yet minimal setup
to demonstrate the ideas. One straightforward way to extend our methods is to
exploit more than two frames. Given multiple temporally consecutive frames, one can
always utilize the temporal coherence assumption in the temporal domain, which has
been widely demonstrated in the optical flow literature (Janai et al., 2017; Kennedy
and Taylor, 2015; Neoral et al., 2018; Ren et al., 2019; Werlberger et al., 2009). Given
the assumption, the multi-frame setup can output temporally consistent estimation,
which is more robust to outliers or heavy occlusions that the two-frame setup cannot
effectively handle. Not only for motion estimation, semantic segmentation (Ding et al.,
2020) and depth estimation (Godard et al., 2019) can also benefit from the multi-frame
formulation by utilizing low-level image evidence cues from more than two frames
or encouraging temporal consistency among temporally neighboring estimates.
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Modeling camera motion with instance knowledge. For the monocular scene flow
approach in Chapter 6, we do not estimate camera ego-motion unlike the previous
approaches (Luo et al., 2019; Ranjan et al., 2019; Yin and Shi, 2018), mainly for the
simplicity of the pipeline. Having an extra decoder for the camera motion often
requires complex training schedules as well as complicated loss designs for moving
objects, and thus increases complexity of methods.

That said, camera ego-motion estimation does help for outdoor scenarios, which
mostly consist of static objects. For static objects, their 3D motion relative to the
camera is equal to the inverse of the ego-motion of the camera, and thus ego-motion
estimation effectively models their motion as well as depth. Yet, motion estimation of
independently moving instances that do not follow the camera motion still remains
one of the drawbacks of this approach. Utilization of given semantic/instance seg-
mentation (Gordon et al., 2019; Lee et al., 2021) for moving objects can help solve this
issue; however, it requires an off-the-shelf method for the additional input, which
sometimes does not generalize well on different domains and thus may limit the
accuracy of the method. As a future direction, if it is possible to jointly segment out
moving instances and accurately model their motion in a self-supervised manner, this
can potentially resolve the current limitation and improve the overall accuracy.

Unification of all contributions. In each chapter, we presented each specific case
of joint formulations and investigated detailed technical designs for the joint esti-
mation. Yet, our ultimate goal is to formulate and leverage the tasks all together
simultaneously. In line with this, several studies (Jiang et al., 2019; Tosi et al., 2020)
already demonstrated CNN-based methods that learn from data in an end-to-end
manner; however, the lack of interpretability and explainability remains a critical
concern for its safe utility in the autonomous navigation. To improve, future research
on estimating uncertainty of each output, dependency, or causality between tasks is
warranted.

Combination of learning and non-learning modules. Although CNN-based ap-
proaches have been leading the current trend these days due to their advantages of
fast runtime and great accuracy, non-learning approaches (e. g. our approaches in
Chapters 3 and 4) still exhibit the benefit of relatively better generalization due to a
lower model capacity that yields lower variance on results. This benefit can resolve
the main limitation of learning-based approaches that they overfit on the training
domain.

In order to benefit from both worlds, a complementary approach can certainly be
an interesting direction to pursue. For example, in Chapters 3 and 4, we demonstrate
that superpixel can provide informative cues on object boundaries and simplify a
per-pixel regression task into a piece-wise regression task. Instead of learning to
directly regress per-pixel optical flow from data, learning to over-segment images
and to output parameterized motion would simplify the problem, make the learning
process easier and less overfit.
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Improvement in self-supervised learning. In Chapter 6, we demonstrated learning to
estimate 3D motion and depth from purely unlabeled data. Self-supervised learning
could be one of the most promising directions to pursue, as it can utilize a large
amount unlabeled data on target domains directly. However, several challenges persist,
such as lower accuracy than supervised methods in general, a time-consuming process
of designing proxy tasks and losses, hyper-parameters to tune, etc.

One viable solution is semi-supervised (Lai et al., 2017) or active learning, which
exploits existing annotated data or requires a less data annotation cost on top of
self-supervised learning. Active learning reduces the amount of annotation cost
substantially, by learning to estimate uncertainty of the current state of output and
telling which data should be labeled to reduce the uncertainty.

Or, unsupervised domain adaptation (Tonioni et al., 2019; Zou et al., 2018a) can
also overcome such a challenge. It transfers knowledge that is learned in the training
domain with a sufficient amount of annotation (e. g., synthetic domain), to the target
domain (e. g., real-world domain) where the labeled data is not available or difficult
to obtain.

Current proxy loss function designs are based on the brightness constancy assump-
tion, which is often violated in several scenarios besides occlusion, such as specular
reflection and illumination changes. Modeling to handle such scenarios in the loss
function designs or architecture designs can further advance current methods.

Another direction is to substitute a hand-crafted proxy loss with a feature-metric
loss. It has been widely known that careful design choices on the proxy loss matter
for better accuracy (Jonschkowski et al., 2020), which also means that the accuracy can
be bounded by its proxy loss design. To overcome this, Im et al. (2020) and Shu et al.
(2020) presented a feature-metric loss for self-supervised optical flow or monocular
depth tasks. Given the view synthesis as a proxy task, they penalize a distance of
corresponding pixels in a high-dimensional learned feature space instead of an image
space where most of the current works do. As the feature space can have higher
representation capacity, it can be more discriminative and informative than image
intensity if features are properly learned to behave so. We expect that learning losses
to learn can overcome the limitation of the current hand-crafted proxy loss.
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J O I N T O P T I C A L F L O W A N D O C C L U S I O N E S T I M AT I O N

Preface. We here provide additional details for Chapter 4, on the data term, an
analysis of the optimizer, an accuracy analysis in occluded regions, and details on the
processing time.

a.1 details on the data term

In Eqs. (4.2b) and (4.2c) in Section 4.2.2, the function rD(p, Hsp) measures the photo-
metric error between a pixel p and its corresponding pixel Hsp p in the other frame.
For example, given a homography motion H f

sp , the data cost for pixel p in It is given
as

r
f
D(p, H f

sp) =min
n

rl
�
f(p, H f

sp)
�
, tD

o
(A.1a)

with

f(p, H f
sp) = aD Â

y2{�3,...,3}2

f
✓

T
�

It(p + y)� It(p)
�

| {z }
ternary value at p in It

(A.1b)

� T
�

It+1(H f
sp(p + y))� It+1(H f

sp p)
�

| {z }
ternary value at H f

sp p in It+1

◆

+(1� aD)|rIt+1(H f
sp p)�rIt(p)|

| {z }
gradient constancy penalty

,

which is the weighted sum of the ternary transform and gradient constancy penalty.
Deviations are penalized by a Lorentzian penalty rl(x) = al log((1 + x2)/2s2

l ),
truncated at tD. The idea behind function f(p, H f

sp) is to calculate the Hamming
distance of two 7 ⇥ 7 ternary patches, one around pixel p in It and one around
the corresponding pixel H f

sp p in It+1. Unlike the conventional ternary transform
(Stein, 2004), we use a continuous variant. Specifically, we relax the definition of the
Hamming distance and adopt the sigmoid function

T(x) =
2

1 + exp(�sTx)
� 1 =

1� exp(�sTx)
1 + exp(�sTx)

(A.2)
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Figure A.1: (a) Sigmoid function. (b) Geman-McClure function.

instead of a true ternary value, and use the Geman-McClure function (Black and
Rangarajan, 1996) to score the differences in the ternary signature between the patches:

f (x) =
x2

(sf + x2)
. (A.3)

As shown in Figs. A.1a and A.1b, these continuous functions approximate the con-
ventional discrete setting, but they assess subtle brightness variations more naturally
when their input is near zero. In other words, they are still robust, but less brittle
than the original Hamming-based definition.

Furthermore, when calculating the ternary value at point H f
sp p in the other frame,

we calculate it not on the conventional ternary patch that is centered at the trans-
formed point, but on a transformed patch. Eq. (A.1b) precisely expresses how to calcu-
late the ternary value on the warped patch (i. e., referring the intensity at H f

sp(p + y)
instead of H f

sp p + y). Similar to a classical iterative-warping scheme, this strategy
yields a more comprehensive data cost that is invariant to local shape deformation
caused by the motion.

We observe that the two practices above increase the flow accuracy. Table A.1 com-
pares the flow accuracy of three different ways of calculating the ternary value: (i) our
standard implementation including both the continuous ternary variant and the patch

Non-occluded pixels All pixels

Method Fl-bg Fl-fg Fl-all Fl-bg Fl-fg Fl-all

standard 6.52% 11.72% 7.41% 9.26% 13.94% 9.98%
discrete 7.11% 12.26% 7.99% 9.88% 14.57% 10.60%

w/o transformation 7.29% 12.35% 8.16% 10.41% 14.80% 11.08%

Table A.1: Evaluation of different methods for computing the ternary census on the KITTI
training set. See text for details.
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(a) Overall energy depending on the number of superpixels in each subgraph
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(b) The estimated flow error rates depending on the number of superpixels in each subgraph

Figure A.2: Overall energy and the estimated flow error rates depending on the number of
superpixels in each subgraph.

transformation (standard), (ii) the standard implementation with the conventional
discrete setting of the ternary transform (discrete) but with patch transformation, (iii)
the standard implementation without the patch transformation (w/o transformation)
but with the continuous variant.

As presumed, using the continuous ternary variant and the transformed ternary
patch both yield better accuracy by reducing the number of flow errors by about
5.85 % and 9.93 % respectively. This experiment has been conducted on the KITTI
Optical Flow 2015 training set.

a.2 analysis of the optimizer

As discussed in Section 4.2.3, we first collect a set of proposals when assigning
homography motions for each superpixel, and sequentially run expansion moves on
each subgraph of superpixels to allow for an efficient optimization. We assemble a set
of subgraphs in a way that each subgraph consists of neighboring 30 superpixels with
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Figure A.3: Overall energy and the estimated flow error rates depending on the overlap
setting.

70 % overlap between each other. We empirically found that this is an advantageous
setting in our problem.

Choosing the number of superpixels in each subgraph affects both flow accuracy
and energy at convergence. When the number of superpixels is high, proposals can
be propagated into broader regions, but the algorithm has a smaller chance of finding
locally optimal homography motions, which results in slower convergence. On the
other hand, when the number of superpixels is low, locally optimal motions can lower
the energy level more quickly, but the optimization can get stuck in local optima as it
propagates labels only in small regions, which eventually leads to higher flow error
rates.

Figure A.2a and Fig. A.2b demonstrate the energy and the flow error rate (on KITTI
2015 training), respectively, versus the processing time, depending on the number
of superpixels in each subgraph. Each dot on a graph represents an iteration step.
These two figures illustrate the trade-off described above. We found that having 30
superpixels for each subgraph yields the lowest flow error rates.
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Choosing the size of overlapping regions between subgraphs also incurs a trade-off:
When the size is getting bigger, the proposals can be propagated more effectively
between subgraphs, which helps finding lower energy solutions in fewer iterations.
However, it requires more processing time per iteration because the size of the
subgraphs is increased. When the size of overlaps gets smaller, on the other hand,
less processing time per iteration is needed, but the optimizer propagates proposals
through subgraphs less effectively, leading to more iterations being required.

Figure A.3a and Fig. A.3b demonstrate the energy and the flow error rate (on KITTI
2015 training), respectively, versus processing time, depending on the overlap size
between subgraphs. As in Fig. A.3a, if the overlap size is more than 50 %, the energy
is converging to a lower value, but with a similar speed. Figure A.3b demonstrates
that having 70 % of overlap between subgraphs yields the lowest flow error rates in
the same processing time. However, please note that the flow accuracy differences
between the settings are not very significant (< 5 %).

a.3 performance in occluded regions

We analyze the flow estimation accuracy of top-performing algorithms including ours
especially in occluded regions on the KITTI Optical Flow 2015 benchmark (Menze
et al., 2015b; 2018). Unlike the MPI Sintel Flow Dataset (Butler et al., 2012), the KITTI
benchmark does not explicitly provide the statistics for occluded areas. Thus, we
indirectly deduce them.

To that end, let us define the variables nall, nnoc, nocc, eall, enoc, and eocc as follows:

• nall : no. of all pixels considered in evaluation
• nnoc : no. of non-occluded pixels
• nocc : no. of occluded pixels
• eall : no. of all pixels with an incorrect flow estimate
• enoc : no. of non-occluded pixels with an incorrect flow estimate
• eocc : no. of occluded pixels with an incorrect flow estimate.

Then, the following equations naturally hold:

nall = nnoc + nocc (A.4a)
eall = enoc + eocc. (A.4b)

We are interested in estimating the flow error rate in occluded areas, eocc/nocc.
From Eqs. (A.4a) and (A.4b) we have

eocc

nocc
=

eall � enoc

nall � nnoc
=

eall
nall
� enoc

nall

1� nnoc
nall

=
eall
nall
� enoc

nnoc

nnoc
nall

1� nnoc
nall

. (A.5)

Given that we do not know the ratio of non-occluded pixels, we substitute nnoc/nall
with a in Eq. (A.5) and obtain

eocc

nocc
=

1
1� a

eall

nall
� a

1� a

enoc

nnoc
, (A.6)
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Figure A.4: The estimated flow error rates of top-performing algorithms in occluded regions
with respect to a = nnoc/nall.

where the values eall/nall and enoc/nnoc are the flow error rates on all pixels and
non-occluded pixels, respectively, which can be found in Table 4.1. Therefore, we
can indirectly infer the flow error rate in occluded areas based on the statistics
from Table 4.1 and in terms of a = nnoc/nall, which denotes the (unknown) ratio of
the number of non-occluded pixels to that of all pixels that are considered in the
evaluation.

In Fig. A.4 we now plot the estimated flow error rates of top-performing algorithms
in occluded regions by varying the unknown ratio a. We observe that our Mirror-
Flow approach consistently shows the lowest error rates among the top-performing
algorithms regardless of values of the ratio a. Considering that the ratio a for the
KITTI 2015 training set is a = 0.8635, we can confidently infer that our method demon-

Method Fl-all in occluded pixels (estimates)

Ours (MirrorFlow) 28.19 %

SDF (Bai et al., 2016) 29.80 %

FlowNet2 (Ilg et al., 2017) 32.36 %

MR-Flow (Wulff et al., 2017) 36.23 %

DCFlow (Xu et al., 2017) 44.47 %

SOF (Sevilla-Lara et al., 2016) 54.33 %

Table A.2: Estimated flow errors for occluded pixels (when a = 0.8635). Our method demon-
strates the lowest error among all published two-frame methods on the KITTI
benchmark.
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strates the lowest optical flow error among the top-performing algorithms on the
KITTI benchmark. Table A.2 gives the estimated results assuming the same a as on the
training set.

a.4 processing time

For processing a 1226 ⇥ 370 image, the algorithm takes around 40 minutes on a
single core until the accuracy no longer increases (tested on Intel Xeon CPU E5-2650
2.20GHz). Yet, the algorithm can be easily parallelized because the local subgraphs
that do not overlap with each other can be processed at the same time (Taniai et al.,
2017). Using 4 cores, the runtime decreases down to 11 minutes.

The main bottleneck is calculating the ternary transform in the data term. We
calculate the ternary census on transformed patches, which needs to be done for
every different homography motion. When just using a plain data term (penalizing
intensity + gradient differences), the runtime is only 4 minutes. CNN-based learned
descriptors also have the potential to lead to a speedup as a future work.





B
S U P P L E M E N TA L M AT E R I A L F O R I T E R AT I V E R E S I D UA L
R E F I N E M E N T F O R J O I N T O P T I C A L F L O W A N D O C C L U S I O N
E S T I M AT I O N

Preface. Here, we provide additional details on Chapter 5, especially on the occlusion
upsampling layer and more qualitative examples on the ablation study.

b.1 details on the occlusion upsampling layer

In the occlusion upsampling layer shown in Fig. 5.7, the residual blocks (Lim et al.,
2017) are fed a set of feature maps as input and output residual occlusion estimates
to refine the upscaled occlusion map from the previous level. Fig. B.1 shows the
details of the residual blocks. As shown in Fig. B.1a, the subnetwork consists of 3
residual blocks (i. e. 3 ResBlocks) with 3 convolution layers. One ResBlock consists of
Conv+ReLu+Conv+Mult operations as shown in Fig. B.1b, cf . Lim et al. (2017). This
sequence of 3 ResBlocks with one convolution layer afterwards estimates the residuals
over one convolution output of the input feature maps, and the final convolution
layer of the residual blocks outputs the residual occlusion. The number of channels for
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(a) Residual blocks subnetwork.
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(b) One residual block.

Figure B.1: Residual blocks in the upsampling layer: (a) The residual blocks consist of 3
weight-shared ResBlocks with 3 convolution layers. (b) One ResBlock consists of
Conv+ReLu+Conv+Mult operations (Lim et al., 2017).
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all convolution layers here is 32, except for the final convolution layer, which has only
1 channel for the occlusion output.

We use weight sharing also on the upsampling layers between bi-directional esti-
mations and between pyramid levels or iteration steps. Furthermore, the ResBlocks in
Fig. B.1a also share their weights, which is different from Lim et al. (2017), where they
are not shared. With this efficient weight-sharing scheme, the occlusion upsampling
layer improves the occlusion accuracy by 2.99% on the training domain (i. e. the
FlyingChairsOcc dataset) and 4.08% across datasets (i. e. Sintel) with only adding
0.031 M parameters.

b.2 additional qualitative examples

b.2.1 Occlusion upsampling layer

Fig. B.2 provides qualitative examples of occlusion estimation and demonstrates the
advantage of using the occlusion upsampling layer. The models used here are trained
on the FlyingChairsOcc dataset only (no fine-tuning on the FlyingThings3D-subset
dataset or Sintel) and tested on Sintel Train Clean. The occlusion upsampling layer
enhances the occlusion estimates to be much sharper along motion boundaries and
refines coarse estimates. Also, the upsampling layer further detects thinly-shaped
occlusions that were not detected at the quarter resolution. Unlike optical flow, where
a quarter resolution estimate is largely sufficient, we can see from these qualitative
examples that estimating occlusions up to the original resolution is very critical for
yielding high accuracy.

a b c d

a b c d

a b c d

a b c d

Figure B.2: Qualitative examples of using the occlusion upsampling layer: (a) overlapped
input images, (b) occlusion ground truth, (c) without using the occlusion upsam-
pling layer, and (d) with using the occlusion upsampling layer. The occlusion
upsampling layer makes occlusion estimates much sharper along motion bound-
aries and detects additional thinly-shaped occlusions.
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Figure B.3: More qualitative examples from the ablation study on PWC-Net: (a) overlapped
input images, (b) the original PWC-Net (Sun et al., 2018), (c) PWC-Net with Bi,
(d) PWC-Net with Occ, (e) PWC-Net with Bi-Occ, (f) optical flow ground truth,
(g) PWC-Net with IRR, (h) PWC-Net with Occ-IRR, (i) PWC-Net with Bi-Occ-IRR,
and (j) our full model (i.e. IRR-PWC). Our full model significantly improves flow
estimation over the original PWC-Net with fewer missing details and clearer
motion boundaries. Note that there are gradual improvements when combining
several of the proposed components.
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b.2.2 Ablation study on PWC-Net

In addition to Fig. 5.11 in the main chapter, we here give more qualitative examples
for the ablation study. In Fig. B.3, all models are also trained on the FlyingChairsOcc
dataset and tested on Sintel Train Clean. Our proposed schemes significantly improve
the accuracy over the baseline model (i. e. PWC-Net (Sun et al., 2018)), yielding better
generalization across datasets.

b.3 comparison with raft

RAFT (Teed and Deng, 2020) also follows similar ideas to our idea on the iterative
residual refinement, but technical designs are slightly different. Table B.1 and Fig. B.4
summarize the main difference on the technical designs of both methods.

Cost volume. Our method computes a cost volume at each pyramid level. In contrast,
RAFT pre-computes a multi-scale 4D correlation volume for all possible pairs of
pixels.

Warping method. Our method backward-warps feature maps at the target view
before the cost volume construction. On the other hand, RAFT performs lookups
on the pre-computed cost volume, which can be equivalent to a forward-warping
operation.
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(a) IRR-PWC (Ours).
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(b) RAFT (Teed and Deng, 2020).

Figure B.4: Network architecture comparison with our model and RAFT: (a) our method
constructs a cost volume at each pyramid level and uses a shared CNN decoder
for the update. (b) RAFT pre-computes an all-pair multi-scale cost volume and
performs lookups at each iteration step using a GRU to update flow.

Model IRR-PWC (Ours) RAFT (Teed and Deng, 2020)

Cost volume Cost-volume at each pyramid level All-pair multi-scale cost volume (pre-computation)

Warping method Backward warping Forward warping (cost volume lookup)

Update module A shared CNN decoder GRU

Update operation Residual update along pyramid levels Residual update at a single resolution

Table B.1: Technical design comparison between our method and RAFT: our method and
RAFT are based on the same core idea, iterative and residual refinement, but details
on cost volume construction and the way of residual update are different.
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Update module. We use a shared CNN decoder for all pyramid levels. RAFT uses a
GRU unit.

Update operation. Our method residually updates along the pyramid levels. Thus,
the number of iteration steps is the same as the number of pyramid levels. In contrast,
RAFT recurrently updates flow at a single resolution using the GRU unit. Thus, the
number of iteration steps can be flexible.
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S U P P L E M E N TA L M AT E R I A L F O R S E L F - S U P E RV I S E D
M O N O C U L A R S C E N E F L O W E S T I M AT I O N

Preface. In this supplementary material, we provide further details for Chapter 6 on
the learning rate schedules, data augmentation, and the hyper-parameter settings.
Afterwards, we provide a more comprehensive study of the decoder design and
qualitative examples for the loss ablation study.

c.1 learning rate schedule

Fig. C.1 illustrates the learning rate schedules for both self-supervised learning and
semi-supervised fine-tuning. When first training our model in a self-supervised
manner for 400k iterations, the initial learning rate starts from 2⇥ 10−4 and is halved
at 150k, 250k, 300k, and 350k iteration steps. When fine-tuning in a semi-supervised
manner afterwards, the training schedule consists of 45k iterations; the initial learning
rate starts from 4⇥ 10−5 and is halved at 10k, 20k, 30k, 35k, and 40k iteration steps.

c.2 details on data augmentation

As discussed in Section 6.3.1, we perform photometric and geometric augmentations
at training time. Here we provide more details on our augmentation setup for both
self-supervised training and semi-supervised fine-tuning.
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(b) Learning rate schedule for fine-tuning.

Figure C.1: Learning rate schedules for (a) self-supervised learning and (b) semi-supervised
fine-tuning.
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Augmentations for self-supervised training. We apply photometric augmentations
with 50% probability. Specifically, we adopt random gamma adjustments, uniformly
sampled from [0.8, 1.2], brightness changes with a multiplication factor that is uni-
formly sampled in [0.5, 2.0], and random color changes with a multiplication factor
that is uniformly sampled in [0.8, 1.2] for each color channel.

For geometric augmentations, we first randomly crop the input images with a
random scale factor uniformly sampled in [93%, 100%] and apply random translations
uniformly sampled from [�3.5%, 3.5%] w. r. t. the input image size. Then we resize
the cropped image to 256⇥ 832 pixels as in previous work (Lee et al., 2019; Liu
et al., 2019a; Luo et al., 2019; Ranjan et al., 2019; Yang et al., 2018). We also apply a
horizontal flip (Lai et al., 2019; Lee et al., 2019; Liu et al., 2019a; Wang et al., 2019b)
with 50% probability. Because the geometric augmentations have an effect on the
camera intrinsics, we adjust the intrinsic camera matrix accordingly by calculating
the corresponding camera center and focal length of each augmented image. At
testing time, we only resize the input image to 256⇥ 832 pixels without photometric
augmentation.

Augmentations for semi-supervised fine-tuning. Likewise, we also apply the same
photometric augmentations with 50% probability. For geometric augmentations, we
only apply random cropping without scaling and then resize to 256⇥ 832 pixels.
Not performing scaling is to avoid changes to the ground truth, which may happen
if zooming and interpolating the sparse ground truth. The crop size s · h0 ⇥ s · w0
is determined by the cropping factor s that is uniformly sampled in [94%, 100%],
where h0 and w0 is height and width of the original input resolution. At testing time,
the same augmentation scheme as during self-supervised training applies: resizing
the input images to 256⇥ 832 pixels without photometric augmentation. However,
we note that better augmentation protocols can likely be discovered with further
investigation (Bar-Haim and Wolf, 2020).

c.3 hyper-parameter settings

Our self-supervised proxy loss in Eq. (6.1) in Section 6.2.4 has a total of 6 hyper-
parameters, which could make it difficult to achieve satisfactory results without
careful tuning. In this section, we thus discuss how we choose the hyper-parameters
and provide an analysis on how sensitive the scene flow accuracy is depending on
the hyper-parameter choices.

First, as discussed in Section 6.3.1, the balancing weight lsf between the two joint
tasks in Eq. (6.1) is dynamically determined to make the loss of the scene flow and
disparity be equal in every iteration (Hur and Roth, 2019). For the disparity loss, we
simply adopt the same hyper-parameters (i. e., ld_sm, a, and b in Eqs. (6.2), (6.3b)
and (6.4), respectively) as in previous work (Godard et al., 2017), which leaves only
two hyper-parameters, lsf_sm and lsf_pt, to tune in the scene flow loss, Eq. (6.5). We
perform grid search on the two parameters.

Table C.1 gives the grid search results regarding the two hyper-parameters, report-
ing the accuracy for monocular depth, optical flow, and scene flow. In the upper
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Depth Flow Scene Flow

lsf_sm lsf_pt Abs Rel EPE D1-all D2-all Fl-all SF-all

1

0.005 0.104 7.118 30.50 51.48 22.32 62.97

0.05 0.107 7.057 32.56 49.45 22.33 61.27

0.1 0.109 7.319 33.65 35.57 22.58 47.46
0.5 0.117 8.259 33.91 36.24 25.18 48.72

10

0.005 0.105 6.934 31.18 52.29 22.15 63.47

0.2 0.108 7.421 31.37 34.39 22.73 46.08
0.3 0.110 7.379 31.91 34.42 23.79 47.10

0.4 0.113 7.773 32.79 35.53 23.98 47.63

200

0.005 0.103 6.883 30.48 50.05 22.65 61.47

0.1 0.108 7.525 31.49 46.50 23.38 59.17

0.2 0.107 7.197 31.40 34.75 23.02 46.95
0.4 0.114 7.435 33.35 35.56 24.30 48.25

0.1

0.005

0.106 6.839 31.47 52.20 22.39 63.70

1 0.104 7.118 30.50 51.48 22.32 62.97

10 0.105 6.934 31.18 52.29 22.15 63.47

100 0.105 6.723 31.15 51.05 22.18 62.55

1

0.2

0.109 7.118 31.81 34.95 23.01 46.82

10 0.108 7.421 31.37 34.39 22.73 46.08
100 0.108 7.386 31.05 34.95 22.88 47.08

200 0.107 7.197 31.40 34.75 23.02 46.95

10

0.4

0.113 7.773 32.79 35.53 23.98 47.63

100 0.111 7.365 32.97 34.63 23.92 47.29
200 0.114 7.435 33.35 35.56 24.30 48.25

300 0.112 7.833 31.97 35.20 25.39 48.48

Table C.1: Grid search results on the two hyper-parameters, lsf_sm and lsf_pt based on
the accuracy of monocular depth, optical flow, and scene flow. The 3D point
reconstruction parameter lsf_pt contributes to more accurate disparity on the target
frame, D2-all, yielding more accurate scene flow SF-all in the end. The overall
results are not so sensitive to the choice of the smoothness parameter lsf_sm.

half of the table, we fix the smoothness parameter lsf_sm and control the 3D point
reconstruction loss parameter lsf_pt to see its effect on the accuracy. The bottom half
of the table is set up the other way around. Note that the lower the better for all
metrics.

We find that lsf_pt is important for best scene flow accuracy, specifically settings
that yield accurate disparity information on the target frame, D2-all. This observation
follows our design of the 3D point reconstruction loss, which penalizes the 3D
distance between corresponding points, encouraging more accurate 3D scene flow
in 3D space. However, as a trade-off, having a higher value of lsf_pt leads to lower
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accuracy for 2D estimation, i. e. of depth and optical flow. On the other hand, we
find that the parameter for the 3D smoothness loss, lsf_sm, does not strongly affect
the accuracy in general. That is, once lsf_pt is in the right range, the results are not
particularly sensitive to the parameter choice.

c.4 in-depth analysis of the decoder design

With the decoder ablation study in Table 6.3 of the main paper, we demonstrate that
having separate decoders for disparity and scene flow yields instable, unbalanced
outputs in contrast to having our proposed single decoder design. For a more compre-
hensive analysis, we conduct an empirical study by gradually splitting the decoder
consisting of 5 convolution layers and studying the behavior of the networks for
each configuration. Our backbone network, PWC-Net (Sun et al., 2018), has context
networks at the end of the decoder, which are fed the output and the last feature map
from the decoder as input and perform post-processing for better accuracy. In our
splitting study, we also separate the context networks for each separated decoder so
that the two decoders at the end of the networks do not share information.

Fig. C.2 illustrates each configuration. From our single decoder design in Fig. C.2a,
we first split the context network for disparity and scene flow respectively, as shown
in Fig. C.2b. Then, we begin to split the decoder from the last convolution layer
(i. e., Fig. C.2c), the 2nd-to-last layer (i. e., Fig. C.2d), and so on until eventually com-
pletely splitting into two separate decoders (i. e., Fig. C.2e). To ensure the same
network capacity, we adjust the number of filters so that all configurations have
network parameter numbers in a similar range. All configurations are trained on the
KITTI Split of KITTI raw (Geiger et al., 2013) in our self-supervised manner.

Table C.2 shows the disparity, optical flow, and scene flow accuracy of each con-
figuration on KITTI Scene Flow Training (Menze et al., 2015b; 2018). We first observe
that splitting the context network yields a significant 32.73% decrease in scene flow
accuracy (i. e., SF-all), which mainly stems from the less accurate disparity estimates
(i. e., D1-all and D2-all) although the optical flow accuracy remains almost the same.
This provides an important outlook: given the same optical flow accuracy, the scene
flow accuracy depends crucially on how well one can decompose the optical flow
cost volume into depth and scene flow, where using the single decoder model works
better. When further splitting the decoder starting from the last convolution layer,
the networks (i) cannot be trained stably anymore, (ii) output trivial solutions for the
disparity, and (iii) even decrease the optical flow accuracy. This observation again
confirms the benefits of using our proposed single decoder design in terms of both
accuracy and training stability.

c.5 qualitative analysis of loss ablation study

Table 6.2 in the main paper provides an ablation study of our self-supervised proxy
loss. For better understanding of how each loss term affects the results, we provide
qualitative examples of disparity, optical flow, and scene flow estimation. Fig. C.3
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Figure C.2: Gradually splitting the single decoder into two separate decoders: we gradually
split the single decoder (a) by first splitting the context network (b), and then
splitting from the last layer of the decoder (c), the 2nd-to-last layer (d), and so on
until completely splitting into two separate decoders (e). For ease of visualization,
we omit showing the convolution operation between the neighboring feature maps
in the decoder.

Configuration D1-all D2-all Fl-all SF-all

Single decoder 31.25 34.86 23.49 47.05

Splitting the context network 44.19 45.02 23.51 62.45

Splitting at the last layer 100 97.22 26.46 100

Splitting at the 2nd-to-last layer 100 97.22 26.39 100

Splitting at the 3rd-to-last layer 100 97.22 26.94 100

Splitting at the 4th-to-last layer 100 97.22 28.68 100

Splitting into two separate decoders 100 97.22 27.63 100

Table C.2: Scene flow accuracy of each decoder configuration: splitting the context network
already decreases the scene flow accuracy by 32.73%. Further splitting the decoder
yields training instability with trivial solutions for the disparity output.

displays the results for each loss configuration: (a) the basic loss where only the
brightness and smoothness terms are active; (b) with occlusion handling, which
discards occluded pixels in the loss; (c) with the 3D point reconstruction loss; and (d)
the full loss. Each configuration is trained in the proposed self-supervised manner
using the KITTI Split and evaluated on KITTI Scene Flow Training (Menze et al., 2015b;
2018).
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Without the 3D point reconstruction loss for scene flow (i. e., columns (a) and
(b) in Fig. C.3), the networks output inaccurate disparity information for the target
frame (D2) especially in the road area, which yields inaccurate scene flow results
(SF1) in the end. Applying the 3D point reconstruction loss but without occlusion
handling (i. e., column (c) in Fig. C.3) results in inaccurate estimates and some artifacts
appearing on out-of-bound pixels, still leading to an unsatisfactory final scene flow
accuracy. These artifacts happen when the 3D point reconstruction loss tries to
minimize the 3D Euclidean distance between incorrect pixel correspondences, such
as for occlusions or out-of-bound pixels. Discarding those occluded regions in the
proxy loss eventually yields better estimates in the occluded region as well.
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Figure C.3: Qualitative examples on the loss ablation study. For each scene in the first row
we show two input images, the reference and the target image. From the second
to the last row, we show a qualitative comparison of each loss configuration: (a)
basic loss, (b) with occlusion handling, (c) with 3D point reconstruction loss, and
the (d) our full loss. Each row visualizes the disparity map of the reference image
(D1) with its error map (D1 Err.), disparity estimation at the target image mapped
into the reference frame (D2) along with its error map (D2 Err.), optical flow (Fl)
with its error map (Fl Err.), and the scene flow error map (SF Err.). The outlier
rates are overlayed on each error map. The last column shows (e) the ground truth
for each estimate.
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