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Abstract

The motion of the world is inherently dependent on the spatial structure of the world and
its geometry. Therefore, classical optical flow methods try to model this geometry to
solve for the motion. However, recent deep learning methods take a completely different
approach. They try to predict optical flow by learning from labelled data. Although
deep networks have shown state-of-the-art performance on classification problems in
computer vision, they have not been as effective in solving optical flow. The key reason
is that deep learning methods do not explicitly model the structure of the world in a
neural network, and instead expect the network to learn about the structure from data. We
hypothesize that it is difficult for a network to learn about motion without any constraint
on the structure of the world. Therefore, we explore several approaches to explicitly
model the geometry of the world and its spatial structure in deep neural networks.

The spatial structure in images can be captured by representing it at multiple scales.
To represent multiple scales of images in deep neural nets, we introduce a Spatial Pyra-
mid Network (SpyNet). Such a network can leverage global information for estimating
large motions and local information for estimating small motions. We show that SpyNet
significantly improves over previous optical flow networks while also being the smallest
and fastest neural network for motion estimation. SPyNet achieves a 97% reduction in
model parameters over previous methods and is more accurate.

The spatial structure of the world extends to people and their motion. Humans have
a very well-defined structure, and this information is useful in estimating optical flow
for humans. To leverage this information, we create a synthetic dataset for human op-
tical flow using a statistical human body model and motion capture sequences. We use
this dataset to train deep networks and see significant improvement in the ability of the
networks to estimate human optical flow.

The structure and geometry of the world affects the motion. Therefore, learning about
the structure of the scene together with the motion can benefit both problems. To facil-
itate this, we introduce Competitive Collaboration, where several neural networks are
constrained by geometry and can jointly learn about structure and motion in the scene
without any labels. To this end, we show that jointly learning single view depth predic-
tion, camera motion, optical flow and motion segmentation using Competitive Collabo-
ration achieves state-of-the-art results among unsupervised approaches.

Our findings provide support for our hypothesis that explicit constraints on structure
and geometry of the world lead to better methods for motion estimation.
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Zusammenfassung

Bewegungen sind naturgeméal von der rdaumlichen Struktur der Welt sowie ihrer Geo-
metrie abhdngig. Daher versuchen klassische Methoden zur Schétzung des optischen
Flusses seit Jahrzehnten, die Geometrie zu modellieren, um die Bewegung zu schétzen.
Die jungsten Methoden der tiefen Lernverfahren verfolgen jedoch einen ganz anderen
Ansatz. Sie versuchen den optischen Fluss zu schatzen, indem sie aus annotierten Da-
ten lernen. Obwohl tiefe Netze bei Klassifizierungsproblemen in der Bildverarbeitung
derzeit die besten Resultate bringen, sind sie bei der Schéatzung des optischen Flusses
wenig effektiv. Der Hauptgrund dafur ist, dass tiefe Lernverfahren die Struktur der Welt
nicht explizit modellieren, sondern erwarten, dass diese implizit aus Daten gelernt wird.
Unsere Hypothese ist, dass es flir ein neuronales Netz schwierig ist, etwas tber die Be-
wegung zu erfahren, ohne zuséatzliche Information tber die Stuktur der Welt zu erhalten.
Daher untersuchen wir verschiedene Ansétze, um 3D Geometrie und rdumliche Struktur
der Welt mit Hilfe tiefer neuronaler Netze explizit zu modellieren.

Die rdumliche Struktur eines Bildes kann erfasst werden, indem das Bild in unter-
schiedlichen Skalierungen dargestellt wird. Um verschiedene Skalierungen in neurona-
len Netzen zu nutzen, stellen wir ein Spatial Pyramid Network (SpyNet) vor. Ein solches
Netzwerk verwendet globale Informationen zur Schéatzung groRer Bewegungen und lo-
kale Informationen zur Schatzung kleiner Bewegungen. Wir zeigen, dass SpyNet den op-
tischen Fluss viel besser abschétzt als bisherige Netz-werke und gleichzeitig das kleinste
und schnellste neuronale Netz ist. SPyNet reduziert die Anzahl der Modellparameter um
97% und erzielt eine bessere Performance als friihere Methoden.

Auch menschliche Bewegungen unterliegen der rdumlichen Struktur der Welt. Der
Mensch hat eine wohldefinierte Geometrie, was niitzlichlich ist, um den opti-schen Fluss
fir Menschen zu schatzen. Vor diesem Hintergrund erstellen wir einen synthetischen
Datensatz fur den optischen Fluss des Menschen unter Verwendung eines statistischen
Korpermodells und Mocap Sequenzen. Wir verwenden diesen Datensatz um tiefe Netze
zu trainieren und sehen eine signifikante \erbesserung hinsichtlich der Schatzung des
optischen Flusses.

Die Struktur und Geometrie der Welt ist dauerhaft prasent und beeinflusst Bewegung.
Daher kann das Lernen Uber die Struktur der Szene zusammen mit der Bewegung beiden
Problemen zugute kommen. Um dies zu ermdglichen, stellen wir Competitive Colla-
boration vor, eine Methode, bei der mehrere neuronale Netze der Geometrie der Welt
unterliegen und dadurch gemeinsam ohne Annotation die Struktur und Bewegung in
einer Szene lernen. Zu diesem Zweck zeigen wir, dass das gemeinsame Schétzen von
Tiefe aus einzelnen Bildern, Kamerabewegung, optischem Fluss und Bewegungsseg-



mentierung mittels Competitive Collaboration derzeit die besten Ergebnisse unter den
unuberwachten Verfahren erzielt.

Unsere Ergebnisse stiitzen unsere Hypothese, dass explizite Einschrankungen der Struk-
tur und Geometrie der Welt zu besseren Methoden zur Bewegungsscha-tzung fiihren.
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Chapter 1

Introduction

The evolution of life on our planet was shaped by two important processes — motion
and vision [75]. The motion here represents the locomotion ability of the organisms,
whereas the vision represents the development of the visual systems. Throughout the
course of evolution, the synergistic interaction between motion and vision helped in the
development of complex organs for human vision and locomotion [75]. Motion, as it
seems, has played a crucial role in the development of visual system across the species of
the animal kingdom. Early visual systems, categorized by Class 1 type [96], consisted of
a few non-directional photo-receptor cells used for estimating the water depth, therefore
providing a stimulus for locomotion. The present human visual system, categorized by
Class 4 type [96], also uses the synergy between motion and vision for the development
of visual cortex. In addition, the middle temporal visual area (MT) in the human visual
cortex plays an important role in the perception of this motion in the world [18]. To
formalize our notion of motion, Gibson introducegtical ow [45], or the apparent
motion of pixels in a sequence of images. This is illustrated in Figure 1.1.

1.1 What is Optical Flow?

Consider an image sequenidg; y;t) parametrized by Euclidean coordinatesy) and
timet. Then, the optical owV = (u;V) is de ned as the apparent motion of the pixel
at (x;y) over one unit of time. In an ideal world, we assume that the brightness of the
pixel does not change when it moves. Therefore, the opticalVow( u;V) satis es the
constraint

[(Xyt) = I(x+ uy+ vit+ 1): (1.2)

Optical ow has been found to be useful in a variety of applications spanning computer
vision, computer graphics and robotics. Optical ow has been shown to be useful in
two-stream deep networks for action recognition [123] where optical ow is encoded by
one of the streams, and images are encoded by the other stream. Sevilla et al. [118]
show a case study of how various optical ow methods in uence the performance when
used in action recognition systems. Optical ow provides weak supervision for training
neural networks to segment objects [98]. Optical ow features are also useful in temporal
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Figure 1.1: An image from the Sintel optical ow dataset [22] showing the optical ow
in the scene marked by arrows and color coded optical ow for each of the pixels in the
image on the right. lllustration by J. Wulff and L. Sevilla-Lara.

interpolation of videos [69]. Amiranashvili et al. [6] show that using optical ow as an
additional input leads to better performance of robotic agents in a control task. Optical
ow is also useful for training networks to solve other computer vision tasks — depth,
camera motion and motion segmentation [106].

1.2 Computing Optical Flow

1.2.1 Energy Minimization

Classical methods such as Horn and Schunck [59] approach this problem using non-
linear optimization to minimize the energy function

E= é é fIGY ) 1(X+ Uxys Y+ Wyt + 1)+ g(Uxy; Vy) 1.2
Xy

wheref is an error functiong is a regularization function ar(dy; Vxy) is the optical ow
at(x;y). The rsttermf is known as thérightness consistend¢grm and the regularizer
g is often referred to as thgpatial smoothnesterm. The brightness consistency term
assumes that the pixel values corresponding to objects or scenes do not change when
they move across the image. The constraint provided by the brightness consistency term
is insuf cient to obtain a unique solution for optical ow. Therefore, an additional con-
straint is introduced by the smoothness terthat assumes that the optical ofm; V) is
spatially smooth.

Horn and Schunck [59] use an alternating minimization approach over the brightness
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Figure 1.2: A spatial image pyramid consists of an image sampled at multiple scales.

consistency and spatial smoothness term in an energy functional given by

E= 3 iyt 10X+ Ugiy+ Vit + D)ji2+(RPuy+ NPvy)  (1.3)
Xy

to solve for optical ow. However, this energy term is convex only if the value@uo¥)

are small. Therefore, this formulation makes it intractable to solve for optical ow if the
motion is not small. To deal with this, Anandan [7] introduces a coarse-to- ne strategy
for optimizing for optical ow values. Under this, the image pairs are sampled in a
spatial pyramid(see Figure 1.2) at multiple spatial scales of decreasing resolutions. The
images at a coarse scale are rst used to obtain rough estimates of optical ow using
Eqg. (1.3), which are then re ned by using images at ner scales.

Following Horn and Schunck, several other methods [13, 20, 82] approached the prob-
lem of estimating optical ow using optimization and spatial pyramids. These methods
improve upon the energy functional Eq. (1.2) by using robust functions [13] to model data
f and smoothnesgterms. These methods that are based on the brightness consistency
and smoothness assumptions are commonly knovafeasical methodfr computing
optical ow.
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1.2.2 Fallacies of Optical Flow Energy

Brightness consistency assumption. The assumptions of brightness consistency and
spatial smoothness in classical methods are weak and do not hold true in several cases
for general scenes. The brightness consistency holds true only if the surfatesrare
bertian, i.e., their re ectence does not depend on the viewing angle. This is generally
not the case for real world objects. The specular re ections from the surfaces violate the
assumption that the points on an object have the same pixel intensity when the corre-
sponding pixels move in an image. The brightness consistency is also violated in case of
occlusions when objects move over each other. In such cases, the object pixels visible in
one frame are not visible in other frames to satisfy the data constraint modeledby

Eq. (1.2). The cases that violate brightness consistency also include transparent objects
for which the pixel values depend on several factors such as camera motion, illumination
etc. Another case violating this assumption is motion blur introduced by fast moving
objects or low frame rate cameras. Classical methods nd it dif cult to incorporate all
these failure cases in the brightness consistency feimrEq. (1.2) which leads to large
errors in optical ow estimation.

Spatial smoothness assumption. The other fallacy of classical methods is the spatial
smoothness termin the energy functional, Eq. (1.2). The spatial smoothness term gen-
erally holds true over small regions in the image. However, this assumption is violated
in several cases, such as occlusions and motion boundaries. During occlusions, the oc-
cluded pixels do not conform to similar optical ow across the occlusion boundaries.
In case of motion boundaries, the optical ow values across the boundaries have a dis-
continuity, and therefore enforcing spatial smoothness at these boundaries compromises
the accuracy of the optical ow estimates. Similarly, deformable objects such has hu-
man bodies, faces and hands do not conform to smooth ow elds in the self-occluding
regions.

Classical methods try to address these two assumptions by using extra terms in the
energy functional. However, these assumptions are still present to constrain Eq. (1.2)
and therefore estimate optical ow.

1.2.3 Deep Learning Approach

In order to get around the assumptions of brightness consistency and smoothness, we
can avoid optimization of the optical ow energy functional Eq. (1.2), and instead learn
from data. Consider that we have large samples of consecutive imagd H#frand

their corresponding ground-truth oW = (u;v), making a dataséd = f (11;12;V;);i =
[1;2;3;:::]g. We can use a deep neural netwéiq) parametrized by and train it on

the datasdD to regress to optical ow given a pair of images (see Figure 1.3). The neural
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Figure 1.3: An alternative to minimizing optical ow energy is to use a convolutional
neural network (CNN). A representative CNN regresses to optical ow using a pair of
image frames. Reproduced from [33].

networkF is trained by minimizing the L1-norm,
”ainElil;liZ;vi pliF(I1%0)  Mija (1.4)

using stochastic gradient descent. FlowNet [33] was the rst method to compute opti-
cal ow following this approach by using deep convolutional networks. Although this
attempt was promising, the results were not as accurate as the classical methods. Par-
ticularly, FlowNet estimates noisy optical ow even when identical images are supplied
wherein the true optical ow between the images is zero. This is shown in Figure 1.4.

1.2.4 Spatial Pyramid Network

FlowNet employs a deep-learning approach to learn to regress optical ow using a large
synthetic dataset. We argue that there is an alternative approach that combines the best
approaches of classical methods and deep learning. We introd8pateal Pyramid
Networkor SPyNef103] that learns to compute optical ow by combining a classical
spatial-pyramid formulation with deep learning. This estimates large motions in a coarse-
to- ne approach by warping one image of a pair at each pyramid level by the current ow
estimate and computing an update to the ow. Instead of the standard minimization of an
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Imagel® = 12 FlowNet SPyNet

Figure 1.4: When identical images are input to FlowNet [33], the network hallucinates
noisy ow estimates. In contrast, SPyNet [103] correctly predicts zero ow.

objective function at each pyramid level, we train one deep network per level to compute
the ow update. Unlike the FlowNet approach, the networks do not need to deal with
large motions; these are dealt with by the pyramid. This has several advantages.

1. The Spatial Pyramid Network is simpler and 96% smaller than FlowNet [33] in
terms of model parameters. This makes it more ef cient and appropriate for em-
bedded applications.

2. Since the ow at each pyramid level is smadl (L pixel), a convolutional approach
applied to pairs of warped images is appropriate.

3. Unlike FlowNet, the learned convolution Iters appear similar to classical spatio-
temporal lters, giving insight into the method and how to improve it.

The results obtained using SPyNet are more accurate than FlowNet on standard bench-
marks, suggesting a new direction of combining classical methods with deep learning.

1.3 Optical Flow Datasets

The progress of optical ow methods is also attributed to standard datasets in the eld.
The Middlebury dataset [10] was the rst standard dataset to serve as a benchmark for
optical ow methods. The dataset consists of 8 image pairs and their ground-truth optical
ow. Geiger et al. [43] introduced the KITTI dataset which has sparse ground truth
for driving scenes. The KITTI dataset was constructed using LIDAR and provides 200
images and their ground-truth ow elds. Butler et al. [22] introduced the Sintel optical
ow benchmark that consists of synthetically generated optical ow elds from a CGI
movie. Sintel provides 1041 image pairs with their ground-truth optical ow. However,
these datasets have several limitations. Real-world datasets like Middlebury and KITTI
are still very small, and are not diverse. Synthetic datasets like Sintel are also small for
large-scale training of deep neural networks. Moreover, there is a domain gap between
synthetic datasets and the real world that can affect the generalization ability of optical
ow networks trained on synthetic data. In Figure 1.5, we show examples from Sintel
and KITTI datasets.
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Sintel

KITTI

Figure 1.5: Image and corresponding optical ow samples from Sintel [22] and
KITTI [43] datasets.

1.3.1 Large-Scale Datasets

To address the problem of curating large-scale data for optical ow, Dosovitskiy et
al. [33] introduced the-lying Chairs dataset. This is a synthetic dataset containing
22,872 image pairs with their optical ow ground truth. The dataset is simple. It is
constructed by placing chairs of different shapes, poses, and colors on a random back-
ground image. A 2D af ne motion is then applied to the chair to synthesize image pairs
and corresponding optical ow elds. Although the dataset is simple, it is large enough
for training deep neural networks. Dostovitsky et al. [33] used this dataset to train the
rst neural network, FlowNet to compute optical ow. Since FlowNet is trained using
this synthetic dataset, it does not generalize well on real-world sequences due to the
domain gap.
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1.3.2 Human Optical Flow Dataset

To close the domain gap between synthetic and real datasets, we tackle the speci c case
of human motion. Human motion is very special. Humans are deformable and do not
conform to rigid motion. As a result, the Flying Chairs dataset, which was constructed
by applying rigid motions to rigid objects (chairs), does not resemble the characteristics
of deformable human motion. Moreover, other characteristics of human motion such as
self-occlusion due to moving limbs, shape and pose changes are not present in the Flying
Chairs dataset. To address the limited availability of optical ow datasets containing
human motion, we construct tltuman Optical Flowdataset [108]. For this, we use a

3D model of the human body and motion capture data to synthesize realistic ow elds

in both single- and multi-person images.

We then train a convolutional neural network to estimate human ow elds from pairs
of images. We demonstrate that our trained networks are more accurate than a wide
range of top methods on held-out test data and that they generalize well on real image
sequences.

Learning optical ow for humans shows that enforcing structure on scenes can im-
prove performance of optical ow methods. In this case, the structure is imposed by
using a realistic human body model [81] and human motion capture data [62]. Such
constraints about the structure can also be enforced on general scenes. Using contraints
about the structure of the world such as depth and rigidity, MR-Flow [153] achieves state
of the art results on optical ow benchmarks. However, Wulff et al. [153] approach the
problem by energy minimization and therefore their method is very slow. In contrast,
using such reasoning about geometry and structure of the world with deep networks can
lead to better accuracy and faster running time.

1.4 Learning Geometric Reasoning

To incorporate the geometry of the world in the problem of motion estimation, we need
to jointly model structure of the 3D world along with its motion. The 3D structure of
the world can be represented using depth maps. The motion has two components —
the motion of the observer and the motion of independent objects. Several works have
approached these problems independently.

Zhou et al. [159] show that view synthesis of neighboring frames in a video sequence
is suf cient for unsupervised learning of single view depth prediction and camera odom-
etry. Following this, Yin et al. [156] show that one can learn optical ow in addition to
depth and odometry. However, these methods do not account for independently moving
objects in the scene. By segmenting the static scene from independently moving objects,
we can reason about the static scene using depth and odometry, and reason about the
independently moving objects using optical ow. Therefore, there are four problems that
can be solved here — single view depth prediction, camera motion estimation, optical
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ow, and segmentation of a video into the static scene and moving regions. In practice,
we need four neural networks to solve each of the problems.

1.4.1 Competitive Collaboration

Training multiple neural networks using a single objective is tricky and can be seen as
a multi-player game. In order to train these networks, we introdtoepetitive Col-
laboration a framework that facilitates the coordinated training of multiple specialized
neural networks. In this framework, two networks act as adversaries and compete with
each other. The competition between the networks is moderated by another network, the
Moderator. Concurrently, these competitors form a consensus in alternating cycles to
collaborate and train the moderator. By doing so, all networks in the framework can be
trained to solve speci c tasks.

1.4.2 Joint Unsupervised Learning of Depth, Camera Motion,
Optical Flow and Motion Segmentation

Using Competitive Collaboration, we address the unsupervised learning of four inter-
connected problems — single view depth prediction, camera motion estimation, optical
ow and segmentation of a video into the static scene and moving regions. As shown in
Figure 1.6, given an image, we can segment it into static scene and moving regions. The
motion in the static scene is a result of the depth of the scene and the camera motion ex-
clusively. Therefore, using a brightness consistency loss on the pixels of the static scene
in a video sequence, we can estimate the depth and camera motion. The independently
moving regions cannot be accounted for by using depth and camera motion across the
frames of a video sequence. Therefore, we account for these pixels using optical ow.
However, these problems are interconnected, and we can solve for motion segmentation
by looking at the consistency between depth, camera motion and optical ow.

Our key insight is that these four fundamental vision problems are coupled through ge-
ometric constraints. Consequently, learning to solve them together simpli es the prob-
lem because the solutions can reinforce each other. In the Competitive Collaboration
framework, neural networks act as both competitors to explain pixels that correspond to
static or moving regions, and as collaborators through a moderator that assigns pixels to
be either static or independently moving. In this way, our novel method integrates all
these problems in a common framework and simultaneously reasons about the segmen-
tation of the scene into moving objects and the static background, the camera motion,
depth of the static scene structure, and the optical ow of moving objects. Our model
is trained without any supervision and achieves state-of-the-art performance among joint
unsupervised methods on all sub-problems.
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Figure 1.6: Animage can be segmented into static regions and independently-moving re-
gions. The static regions are accounted for by depth and camera motion, and the moving
regions are accounted for by optical ow. Using Competitive Collaboration [106], we
can jointly train for depth, camera motion, optical ow and motion segmentation in a
completely unsupervised framework.
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1.5 Thesis Organization

The thesis is organized as follows.

Chapter 2 surveys related work. We discuss classical optical ow methods, and their
problems, and various ways of dealing with these problems in the improved versions of
classical methods. We then go over end-to-end training of deep neural networks using
synthetic datasets. We discuss unsupervised learning of optical ow and the explicitly
modeling geometry in a deep learning framework.

In Chapter 3, we introduce the Spatial Pyramid Network and show how to train this
network to estimate optical ow. We experimentally evaluate our method on optical ow
benchmarks such as Middlebury [10], KITTI [43], and Sintel [22]. We also evaluate the
performance of SPyNet in terms of speed and memory.

In Chapter 4, we discuss generation of the Human Optical Flow dataset using a real-
istic 3D human body model and captured MoCap sequences. We improve upon SPyNet
and train this network on our Human Optical Flow dataset. We evaluate the performance
on our generated dataset and show qualitative results on real-world videos consisting of
human motion.

In Chapter 5, we introduce the Competitive Collaboration framework with three neural
networks, where two adversaries compete with each other through a moderator network
that moderates the competition. We study the convergence properties and generalization
of Competitive Collaboration.

In Chapter 6, we show joint unsupervised learning of single-view depth prediction,
camera odometry, optical ow and motion segmentation. We train four different net-
works jointly to solve each of the subproblems using Competitive Collaboration. We
evaluate the performance of all the subproblems on the raw KITTI [43] dataset.

In Chapter 7, we conclude by discussing the importance of geometrical constraints in
training deep neural networks for computer vision tasks. We also discuss ways to make
these systems more robust and accurate for the future.

11






Chapter 2
Related Work

2.1 Classical Optical Flow

The classical formulation of the optical ow problem involves optimizing the sum of a
data term based on brightness constancy and a spatial smoothness term [59]. Classical
methods suffer from the fact that they make assumptions about the image brightness
change and the spatial structure of the ow that do not match reality. Early efforts make
the formulation more robust [13] using robust M-estimation. Many methods focus on
improving robustness by changing the assumptions. These optical ow methods include
pre-processing the images by ltering [147] and augmenting them with gradients [20].
Different scaling factors in the spatial pyramid are used [128]. A median lter [126,
147] is used to signi cantly boost performance. Feature matching [19] and semantic
segmentation [119] are integrated more recently, resulting in performance improvement.

Spatial Pyramids. The use of spatial pyramids for ow estimation has a long his-
tory [21, 46] with its rst use in the classical ow formulation appearing in Glazer [46].
Typically, Gaussian or Laplacian pyramids are used to deal with large motions. Gener-
ally, gradient-based optical ow estimation relies on the computation of spatial and tem-
poral derivatives of the image sequence, implemented as lters [58]. This formulation
assumes that the image motion is small. Through spatial smoothing and subsampling,
this small motion assumption holds at high levels of the pyramid. A coarse-to- ne ap-
proach then estimates the ow such that, at each pyramid level, the motion is updated
with an estimate that is assumed to be small.

The methods based on spatial pyramid structure are well known to have problems
when small objects move quickly. To deal with them, Brox et al. [19] incorporate long
range matching into the traditional optical ow objective function. This approach of
combining image matching to capture large motions, with a variational [110] or discrete
optimization [51] for ne motions, can produce accurate results. Alternatively, Sevilla et
al. [120] replace the classical pyramid with a channel representation in which the spatial
pyramid is effectively applied to segmented images, preserving small structures at high
levels of the pyramid.

13
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Layered Methods. The brightness consistency term of the optical ow energy Eq. (1.2)
does not hold at the motion boundaries when objects are moving over each other accom-
panied by occlusions. To deal with this, Jepson and Black [67] model optical ow over

a patch using a mixture of smoothly varying layers. Wang and Adelson [143] decom-
pose an image into foreground and background layers using a mask and independently
estimate motion for each of the layers. Ayer and Sawhney [8] formulate this problem
of layered representation using maximum-likelihood estimation to model multiple ob-
ject motions in different layers of an image. Cremers and Soatto [28] use a variational
approach for segmenting the image plane into a set of regions of parametric motion.

Sun et al. [129] formulate a layered model to segment the image into foreground and
background using a Conditional Random Field (CRF). The optical ow for each of the
segments is computed by constraining it to the segments. Sevilla et al. [119] build upon
the layered formulation to segment image in semantically meaningful layers for comput-
ing ow. Further, Wulff et al. [153] segment the image into static regions and moving
objects to obtain the optical ow using a plane+parallax approach.

Geometric Methods. Modeling the spatial structure of images has proven useful in
estimation of motion. One can also model the structure of the world, in terms of its ge-
ometry and this has also been shown to be useful for motion estimation. Uliman [137]
shows that we can recover three-dimensional scene structure and relative motion from
a single monocular video sequence. Several works [146, 157] also combine estimation
of depth together with motion under an approach known as motion-stereo. Vedula et
al. [141] propose three-dimensional scene ow combining depth and optical ow to es-
timate 3D velocities of all the points in images.

Using a prior on the geometry has also been shown to be useful for optical ow esti-
mation. Guney et al. [50] model the geometry of cars in their approach to compute scene
ow. Sevilla et al. [119] incorporate the geometry of the scene using its semantics by
classifying the scene in to static regions, regions having af ne motion, and deformable
regions. However, the scene geometry is not explicitly modeled. Wulff et al. [153] ex-
plicitly model geometry by factoring the scene in to static regions and independently
moving regions. For estimating the optical ow of static regions, they simply compute
the depth and camera motion which simpli es the optimization and therefore improves
accuracy. Optical ow is estimated using depth and camera motion of a static scene us-
ing a closed form solution (see Appendix A.1). The moving regions do not follow any
geometric contraints and therefore their optical ow is independently estimated.

2.2 Optical Flow meets Machine Learning

The key advantage of learning to compute ow is that we do not hand craft assumptions.
Rather, the variation in image brightness and spatial smoothness are embodied in the
learned model.

14
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Possibly the rst attempt to learn a model to estimate optical ow is the work of Free-
man et al. [39] using a Markov Random Field (MRF). Freeman et al. consider a simple
synthetic world of uniform moving blobs with ground-truth ow. They vector-quantize
training patches to compute neighborhood co-occurrence statistics. Then, they perform
belief propagation in an MRF to estimate ow using the learned model. However, their
training data is not realistic and they do not apply the method to real image sequences.
Black et al. [15] use a PCA basis to model the distribution of optical ow. They estimate
optical ow using linear combination of these basis ows.

Roth and Black [115] learn a eld-of-experts (FOE) model to capture the spatial statis-
tics of optical ow. The model is trained using ow elds generated from laser scans of
real scenes and natural camera motions. However, the data includes only the ow elds
without the corresponding images. Consequently, their method only learns the spatial
statistics of the ow. Sun et al. [128] describe the rst fully learned model that can be
interpreted as a shallow convolutional neural network. They formulate a classical ow
problem with a data term and a spatial term. The spatial term uses the FOE model from
Roth and Black [115], while the data term replaces traditional derivative lters with a set
of learned convolutional image Iters. With limited training data and a small set of lters,
their method does not show the full promise of learning ow. Rosenbaum et al. [114]
model the spatial statistics of optical ow using Gaussian Mixture Models. Wulff and
Black [151] learn the spatial statistics of optical ow by applying robust PCA [54] to real
(noisy) optical ow computed from natural movies. While this produces a global ow
basis and overly smooth ow, they use the model to compute reasonable ow relatively
quickly.

Several methods rely on matching image features using deep networks, and then use
those matches as a constraint in the optical ow energy function Eq. (1.2). Weinzaepfel
et al. [149] use convolutional features in a variational optimization framework thereby
improving the optical ow accuracy. In contrast, Guney et al. [51] use deep features in
discrete optimization of optical ow gaining even better performance. However, deep
matching methods [51, 110, 149] do not fully solve the problem, since they resort to
classical methods to compute the nal ow eld.

Spatio-temporal Filters and Human Perception. Learning spatial statistics of opti-
cal ow shows a correlation between learned spatiotemporal Iters and motion models
from neuroscience [30]. Various methods show that spatio-temporal Iters emerge from
learning, for example using independent component analysis [139], sparseness [97], and
multi-layer models [23]. Burt and Adelson [3] lay out the theory of spatiotemporal mod-
els for motion estimation and Heeger [57] provides a computational embodiment. While
inspired by human perception, such methods do not perform well [12].

Memisevic and Hinton learn a simple spatial transformations with a restricted Boltz-
mann machine [88], and nd a variety of Iters. Taylor et al. [133] use synthetic data to
learn “ ow-like” features using a restricted Boltzmann machine but do not evaluate ow
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accuracy. Han et al. [52] propose a rich set of lIters for representing a “video primal
sketch” but do not learn the Iters or use them for estimating optical ow.

2.3 Optical Flow meets Deep Learning

The above learning methods suffer from limited training data and the use of shallow
models. In contrast, deep convolutional neural networks emerge as a powerful class of
models for solving recognition [56, 132] and dense estimation [25, 79] problems.

2.3.1 Optical Flow Networks

Early work use neural networks trained for other tasks such as segmentation to constrain
the optimization objective of optical ow. This is mainly because of unavailability of
large scale optical ow datasets at the time.

With the release of Flying Chairs dataset, FlowNet [33] was the rst deep convo-
lutional architecture for ow estimation that is trained end-to-end. FlowNet introduced
two different types of networks — FlowNetS and FlowNetC. Both networks have a simple
U-Net architecture consisting of an encoder and a decoder, each of which are made from
a block of convolutional layers. The encoder and decoder have skip connections so that
the features computed at the encoder are also available to the decoder. For FlowNetS,
the input frames are stacked together and passed as input. In contrast, in FlowNetC, the
input frames are not stacked but a cost-volume between their features is computed. This
is contrasted in Table 2.1.

The cost-volume of input features is obtained by cross-correlating them. The cost-
volume is estimated using

C(X1; %) = a  hfy(xi+ 0); fa(xa+ O)i; (2.1)
02[ kk] [ kK]

where f1; fo are input features maps. For each pdixit; x»), the cross-correlation is

de ned by dot product of elements in the distance neighborhood. Once the cost-
volume is obtained, it is processed through the network to get optical ow prediction.
The cost volume helps in getting long range correspondences and therefore it is better
for capturing large motions in image sequences.

Both FlowNetS and FlowNetC networks show promising results, despite being trained
on Flying Chairs dataset, which is a synthetic dataset of chairs ying over randomly
selected images. Despite promising results, the method lags behind the state-of-the-art
in terms of accuracy. The major limitations come from — (a) synthetic dataset on which
it is trained, and (b) the architecture of the neural networks.

To deal with the domain gap between synthetic data and real world videos, Tran et
al. [135] use a traditional ow method to create “semi-truth” training data. Then, they
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Stacked Frames  Correlation
U-Net FlowNetS [33] FlowNetC [33]
Spatial Pyramids  SPyNet [103] PWC-Net [130]

Table 2.1: Contrasting different optical ow network architectures based on input pro-
cessing pipeline.

train a 3D convolutional network on this data. However, the performance of their method
does not exceed the performance of the traditional ow method that was used to create
the training data.

The Spatial Pyramid Network (SPyNet) [103] discussed in Chapter 3 approaches the
problem by bringing together ideas from classical methods [46] and integrating them
with deep networks. SPyNet consists of multiple small networks in a spatial pyramid.
The image pair is downsampled at multiple scales in the pyramid and a network com-
putes residual ow at each level of the pyramid. SPyNet is trained on the same data as
FlowNet and is more accurate. Furthermore, it is a simpler architecture with 96% fewer
parameters than FlowNet.

llg et al. [61] propose FlowNet 2.0, an architecture composed by cascading together
multiple FlowNetC and FlowNetS networks. This network is trained on even more data,
including animated sequences to close the domain gap with Sintel [22], and synthetic
driving scenes to close the domain gap with KITTI [43]. FlowNet 2.0 is a big improve-
ment over FlowNet and subsequently SPyNet, but it is a large network with a complex
architecture.

Itis evident from SPyNet [103] that small networks in a pyramid can outperform large
networks even when trained on the same data. Sun et al. [130] propose PWC-Net consist-
ing of a correlation block similar to FlowNetC [33] but integrate it in a spatial pyramid.
This architecture is simpler than FlowNet2.0 with fewer parameters but achieves similar
performance. In Table 2.1, we show how different ideas from classical methods like cor-
relation and spatial pyramids integrate themselves in deep networks. Recently, Hur and
Roth [60] propose iterative re nement of optical ow over coarse-to- ne pyramid levels
using the same network in recurrent fashion.

2.3.2 Unsupervised Learning of Optical Flow

The problem with training optical ow networks is that they need large scale datasets.
These datasets are synthetic and therefore always have some domain gap with the real
world. Therefore, a group of methods formulate the problem from an unsupervised learn-
ing perspective.

The simplest approach is to use a deep network and minimize the optical ow energy
Eqg. (1.2) on the ow predictions of the network given the unlabeled image sequences [5,
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66]. These optical ow estimates are reasonable but are far behind the state-of-the-art
optical ow methods. Meister et al. [87] add forward-backward constraint to the energy
term by using a Siamese network. In addition, they also reason about occlusions using
a heuristic to deal with areas where the brightness consistency term from Eq. (1.2) does
not hold. This method achieves better performance on KITTI using unsupervised training
followed by supervised ne-tuning on just 400 images of the KITTI dataset.

Further improvements are obtained by using multiple frames [64] and explicitly mod-
elling the occlusion term by predicting it from a network. Janai et al. [64] show that
using multiple frames can lead to signi cant improvement in optical ow predictions.
More recently, Wulff et al. [152] show that one can also learn optical ow by training
a network for temporal interpolation and then ne tuning it only on a small number of
images.

Although unsupervised learning of optical ow network shows promising results, the
methods that use supervision using synthetic data supersede in performance.

2.3.3 Small and Fast Optical Flow Networks

Traditionally, optical ow has been treated as an optimization problem that is approached
by minimizing the optical ow energy Eq. (1.2). This makes it very slow to compute.
Several recent methods attempt to balance speed and accuracy, with the goal of real-time
processing and reasonable (though not top) accuracy. GPU- ow [150] began this trend
but several methods now outperform it. PCA-Flow [151] runs on a CPU, is slower than
frame rate, and produces overly smooth ow elds. EPPM [11] achieves similar, middle-
of-the-pack, performance on Sintel (test), with similar speed on a GPU. DIS-Fast [73] is
a GPU method that is signi cantly faster than previous methods but is also signi cantly
less accurate.

In contrast, CNN methods have an advantage over traditional variational methods in
that they do not perform iterative optimization to propagate information spatially. All the
neural networks viz. FlowNet, SPyNet, PWC-Net can process video frames in real time.
SPyNet and PWC-Net are really small in terms of memory footprint which makes their
deployment easy on embedded systems. Deep learning has led to a class of optical ow
methods that obtain highly accurate real-time optical ow using a small computational
cost.

2.4 Large Scale Datasets

Several datasets have been developed to facilitate training and benchmarking of optical
ow methods. However, early datasets are not large or diverse enough to support training
of deep neural networks. The Middlebury dataset [10] contains 8 pairs of training frames
with ground truth, and is limited to small motions. Since then, optical ow datasets have
become larger and more challenging. The KITTI dataset [43] is larger but is focused on
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rigid scenes and automotive motions [43]. The KITTI dataset has 200 pairs of images
and ground-truth ow. However, the optical ow ground truth in KITTI is sparse and
only exists for roads and cars.

The Sintel dataset [22] is larger than KITTI with 1041 pairs of images and ground truth
ow. The dataset contains complex deformations as well, such as motion of an animated
character, wings of a dragon, etc. The low-level statistics of optical ow in Sintel is
representative of the real-world motion [22]. However, since the data is generated using
computer graphics, complex and high-level structure of the world is not well represented.
These datasets are mainly used for evaluation of optical ow methods and are generally
too small to support training neural networks.

To learn optical ow using neural networks, more datasets have emerged that contain
examples on the order of tens of thousands of frames. The Flying Chairs [33] dataset con-
tains about 22000 samples of chairs moving against random backgrounds. Although it
is not very realistic or diverse, it provides training data for neural networks [33, 103] that
achieve reasonable results on optical ow benchmarks. More synthetic datasets [86, 41]
for optical ow are especially designed for training deep neural networks and improve
the realism in the dataset. Flying Things [86] contains tens of thousands of samples
of random 3D objects in motion. The Monkaa and Driving scene datasets [86] contain
frames from animated scenes and virtual driving respectively. Virtual KITTI [41] uses
graphics to generate scenes like those in KITTI and is two orders of magnitude larger.
Recent synthetic datasets [40] show that synthetic data can train networks that generalize
to real scenes.

These datasets have a common property. The scenes generally have rigid objects and
rigid motions. In contrast, human bodies are non-rigid and undergo deformation. There-
fore, networks trained on these datasets perform poorly [108] when humans are present
in the scene. To address this Varol et al. [140] introduce the SURREAL dataset with hu-
man bodies. The dataset uses 3D human meshes rendered on top of color images to train
networks for 2D pose estimation, depth estimation, and body part segmentation. While
not fully realistic, they show that this data is suf cient to train methods that generalize to
real data. In a similar fashion, [160, 91] render synthetic color images for 3D hand pose
estimation. In Chapter 4, we go beyond these works to address the problem of optical
ow by synthesizing a dataset focused at human motion.

2.5 Human Motion

Using images to analyze human motion dates to the origins of photography. In 1884,
Marey [85], a French physician captured the change in joint positions across time by
capturing multiple photos in a single photographic plate. A hundred years later, Johans-
son [70] established the basis for modern motion capture (MoCap) in his work using
point lights attached to the body. To this day, reasoning about human motion using sparse
set of points is a very common approach in elds like human pose estimation [95].
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However, other holistic approaches that reason about the full extent of the body have
existed too. Parametric models using generalized local cones [93], superquadrics [42],
2d part templates [37] or more recently triangulated meshes [17] have been used to model
full body motion.

Human motion can be understood from 2D motion. Early work shows that simple mo-
tion history images can be used to recognize actions without computing dense ow [31].
Motion history images are sensitive to viewpoint changes. To address this, Winland
et al. [148] generalize motion history images to motion history volumes using multiple
camera views. Black et al. [15] use principal component analysis (PCA) to parametrize
human motion but use noisy ow computed from image sequences for training data.
They learn linear motion models of speci ¢ motions like walking and mouth movement
for the estimation of optical ow. Blank et al. [16] represent human motion as three-
dimensional shapes induced by the silhouettes in the space-time volume. Yilmaz and
Shah [155] use moving contours to represent human motion. Laptev et al. [76] compute
optical ow in a local neighborhood and aggregate it in histograms, called histograms of
optical ow to represent complex human motion.

More similar to us, Fablet and Black [35] use a 3D articulated body model and motion
capture data to project 3D body motion into 2D optical ow. They then learn a view-
based PCA model of the ow elds. They detect and track human motion by estimating
the parameters of this ow model given image sequences. In contrast to these methods,
we generate more realistic training data using a statistical model of the human body to-
gether with realistic image sequences. Rather than training a model of the ow statistics,
we use the images and ow to train a CNN to directly estimate ow from images.

Only a few works in pose estimation exploit human motion and in particular several
methods [38, 162] use optical ow constraints to improve 2D human pose estimation
in videos. Similar work [24, 99] propagates pose results temporally using optical ow
to encourage time consistency of the estimated bodies. Apart from its application in
warping between frames, the structural information existing in optical ow is used for
pose estimation alone [112].

Wang and Mori [144] propose max-margin hidden conditional random eld (MHCRF)
on optical ow features for action recognition. Recent state-of-the-art action recognition
methods use two-stream deep neural networks [36, 123], where one of the streams is
used to process images and the other is used to process precomputed optical ow across
the image sequences.

Although motion has been used for a number of applications related to human per-

ception, there has been far less attention [15] to estimate human motion itself. Human-
speci ¢ patterns are not used as much for estimation of optical ow.
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2.6 Geometry meets Deep Learning

Although curating large scale datasets has led to success of deep-learning-based methods
on optical ow, they still lag in accuracy compared to methods [119, 153] that exploit
structure of the scene to compute motion. Joint estimation frameworks have been shown
to be useful in the past where problems could reinforce each other by constraining the
geometry of the world. Optical ow estimation can provide information about camera
motion [53] and vice versa. Depth and camera motion can provide information about
optical ow if there are no moving objects in the scene [159]. Optical ow can be used

to reason about motion segmentation [4, 109] and vice versa [14].

Flow estimation provides correspondences between views or consecutive frames which
are essential to unveil the relative camera pose between the views [53]. If the observed
scene only contains rigid static background, the ow with a known pose can be seen as
a camera ego-motion, which can provide correct disparities for 3D scene structure [94].
Because all these cues are tied and constrain each other, often times, solving one problem
can help other problems [94].

Recently, it has been shown that these problems can be effectively combined by seg-
menting image into static scene and moving regions (e.g. [153]). However, these methods
are based on classical optimization and tends to be very slow.

More recent works [84, 138, 142, 156, 159] approach joint estimation of structure and
motion by coupling two or more problems together in an unsupervised learning frame-
work. Zhou et al. [159] introduce joint unsupervised learning of ego-motion and depth
from multiple unlabeled frames. To account for moving objects, they learn an explain-
ability mask. However, these masks also capture model failures such as occlusions at
depth discontinuities, and are therefore not useful for motion segmentation.

Mahjourian et al. [84] use a more explicit geometric loss, an ICP constraint to jointly
learn depth and camera motion for rigid scenes. Yin et al. [156] add a re nement network
to Zhou et al. [159] to also estimate residual optical ow. The estimation of residual ow
is designed to account for moving regions, but there is no coupling of the optical ow
network with the depth and camera motion networks. Residual optical ow is obtained
using a cascaded re nement network, thus preventing other networks from using ow
information to improve themselves. Therefore, recent works show good performance
either on depth and camera motion [84, 156, 159] or on optical ow [87], but not on
both.

Zou et al. [161] exploit consistency between depth and optical ow to improve perfor-
mance on both the problems. In Chapter 6, we add the key missing piece to jointly learn
the segmentation of the scene into static and independently-moving regions. This allows
the networks to use geometric constraints where they apply and generic ow where they
do not. This introduces a framework where motion segmentation, ow, depth and camera
motion models can be coupled and solved jointly to reason about the complete geometric
structure and motion of the scene.
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Chapter 3
Spatial Pyramid Networks

Recent years have seen signi cant progress on the problem of accurately estimating op-
tical ow, as evidenced by improving performance on increasingly challenging bench-
marks. Despite this, most ow methods are derived from a “classical formulation” that
makes a variety of assumptions about the image, from brightness constancy to spatial
smoothness. These assumptions are only coarse approximations to reality and this likely
limits performance. The recent history of the eld has focused on improving these as-
sumptions or making them more robust to violations [13]. This has led to steady but
incremental progress.

3.1 Introduction

An alternative approach abandons the classical formulation altogether and starts over
using recent neural network architectures [33, 135]. Such an approach takes a pair (or
sequence) of images and learns to directly compute ow from them. Ideally such a
network would learn to solve the correspondence problem (short and long range), learn
lters relevant to the problem, learn what is constant in the sequence, and learn about the
spatial structure of the ow and how it relates to the image structure. The rst attempts
are promising but are not yet as accurate as the classical methods.

Goal. We argue that there is an alternative approach that combines the best of both
approaches. Decades of research on ow has produced well-engineered systems and
principles that are effective. But there are places where these methods make assumptions
that limit their performance. Consequently, here we apply machine learning to address
the weak points, while keeping the engineered architecture, with the goal of

» improving performance over existing neural networks and the classical methods
upon which our work is based;

 achieving real-time ow estimates with accuracy better than the much slower clas-
sical methods;
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» reducing memory requirements to make ow more practical for embedded, robotic,
and mobile applications.

Problem. Computing ow requires the solution to two problems. One is to solve for
long-range correlations while the other is to solve for detailed sub-pixel optical ow and
precise motion boundaries. The rst neural network method, FlowNet [33], attempts to
learn both of these at once. In contrast, we tackle the latter using deep learning and rely
on existing methods to solve the former.

Approach. To deal with large motions, we adopt a traditional coarse-to- ne approa-
ch [46] using a spatial pyramid At the top level of the pyramid, the assumption is
that the motions between frames are smaller than a few pixels and that, consequently,
the convolutional lters can learn meaningful temporal structure. At each level of the
pyramid we solve for the ow using a convolutional network and up-sample the ow to
the next pyramid level. As is standard with classical formulations [127], we warp one
image towards the other using the current ow, and repeat this process at each pyramid
level. Instead of minimizing a classical objective function at each level, we learn a con-
volutional network to predict thew incrementat that level. We train the network from
coarse to ne to learn the ow correction at each level and add this to the ow output of
the network above. The idea is that the displacements are then always less than one (or a
few) pixels at each pyramid level.

We call the metho&PyNetfor Spatial Pyramid Network, and train it using the same
Flying Chairs data as FlowNet [33]. We report similar performance as FlowNet on Fly-
ing Chairs and Sintel [22] but are signi cantly more accurate than FlowNet on Middle-
bury [10] and KITTI [43] after ne tuning. The total size of SPyNet is 96% smaller than
FlowNet, meaning that it runs faster, and uses much less memory. The expensive itera-
tive propagation of classical methods is replaced by the non-iterative computation of the
neural network.

We do not claim to solve the full optical ow problem with SPyNet; we address the
same problem as traditional approaches and inherit some of their limitations. For exam-
ple, it is well known that large motions of small or thin objects are dif cult to capture
with a pyramid representation. We see the large-motion problem as separate, requiring
different solutions. Rather, what we show is that the traditional problem can be reformu-
lated, portions of it can be learned, and performance improves in many scenarios.

Additionally, because our approach connects past methods with new tools, it provides
insights into how to move forward. In particular, we nd that SPyNet learns spatio-
temporal convolutional Iters that resemble traditional spatio-temporal derivative or Ga-
bor Iters [3, 57]. The learned lters resemble biological models of motion-processing
Iters in cortical areas, MT and V1 [122]. The MT-V1 lters have also been shown
useful for optical ow estimation [26, 124]. This is in contrast to the random-looking

1This, of course, has well-known limitations, which we discuss later.
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Figure 3.1: Inference in a 3-Level Pyramid Network [32]: The netw@gcomputes

the residual owvg at the highest level of the pyramid (smallest image) using the low
resolution image‘sl&; Igg. At each pyramid level, the netwofB computes a residual
ow Vi which propagates to each of the next lower levels of the pyramid in turn, to
nally obtain the ow V, at the highest resolutionu is upsampling operator ardlis
downsampling operator.

Iters learned by FlowNet (see Figure 3.7). This suggests that it is time to reexamine
older spatio-temporal Itering approaches with new tools.
In summary our contributions are the following.

1. We combine traditional coarse-to- ne pyramid methods with deep learning for
optical ow estimation.

2. We introduce a new SPyNet model that is 96% smaller and is faster than FlowNet.

3. SPyNet achieves comparable or lower error than FlowNet on standard benchmarks
— Sintel, KITTI and Middlebury.

4. The learned spatio-temporal lters provide insight about what Iters are needed
for ow estimation.

5. The trained network and related code are publicly available for reSgaughoses.
Several methods [130, 64] have built on our approach.

3.2 Spatial Pyramid Network

Our approach uses the coarse-to- ne spatial pyramid structure of [32] to learn residual
ow at each pyramid level. Here we describe the network and training procedure. We
introduce a small change in notation in this chapter to improve readability. While we use
V to represent optical ow, and we useto represent an upsampling operator artd
represent the intermediate residual ows.

2https://github.com/anuragranj/spynet
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3.2.1 Spatial Sampling

Let| be anm nimage with dimensions that are powers of 2. déf) be the down-
sampling function that decimatégo the corresponding imag¥l) of sizem=2 n=2.

Letu(:) be the reverse operation that upsamples images by a factor of 2. These operators
are bilinear and are also used for resampling the the optical ow ¥ldye also de ne

a warping operatow(l;V) that warps the image,according to the ow eld,V, using
bilinear interpolation.

3.2.2 Inference

Let f Gp;:::; Gk g denote a set of trained convolutional neural network (convnet) models,
each of which computes residual owy,

Vi = Gi(I5w(IZ u(Vk 1));u(Vk 1)) (3.1)

at thek-th pyramid level. The convnés, computes the residual owy using the up-
sampled ow from the previous pyramid levaly 1, and the frameSI,%; Ilfg at levelk.
The second framlaf is warped using the ow aw(llf;u(vk 1)) before feeding it to the
convnetGy. The ow, Vg at thek-th pyramid level is then

Vie= u(Vk 1)+ W (3.2)

As shown in Fig. 3.1, we start with downsampled imagql)slgg and an initial ow
estimate that is zero everywhere to compute the residualvgw Vg at the top of the
pyramid. We upsample the resulting ow(Vp), and pass it to the netwoi®; along

with f Ill;w(lf; u(Vp)) g to compute the residual ow;. At each pyramid level, we com-
pute the owV using Equation ((3.2)). The ow is similarly propagated to higher
resolution layers of the pyramid until we obtain the & at full resolution. Figure 3.1
shows the working of our approach using a 3-level pyramid. In practice, we use a 5-level
pyramid K = 4).

3.2.3 Training and Network Architecture

We train each of the convnet$y; :::; Gk g independently and sequentially to compute
the residual owvg given the inputd I w(12;u(Vk 1));u(Vk 1)g. We compute target
residual owsVi as a difference of target owj at thek-th pyramid level and the up-
sampled ow,u(Vk 1) obtained from the trained convnet of the previous level

U= Vi u(Vk 1) (3.3)
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3.2 Spatial Pyramid Network

Figure 3.2: Training networtsy requires trained modefs>y:::Gx 1gto obtain the initial
ow u(Vk 1). We obtain ground truth residual owe by subtracting downsampled
ground truth owV, andu(Vk 1) to train the networlGy using the EPE loss.

As shown in Fig. 3.2, we train each of the networtg, to minimize the average End
Point Error (EPE) loss between the residual ewandvi

1 g 4= X
ma (R %2
Xy

where themy ny is the image dimension at levieland thex andy superscripts indicate
the horizontal and vertical components of the ow vector.

Each level in the pyramid has a simpli ed task relative to the full optical ow esti-
mation problem; it only has to estimate a small-motion update to an existing ow eld.
Consequently each network can be simple. Here, &chas 5 convolutional layers;
this gave the best combination of accuracy, size, and speed. We train ve convnets
f Go;:::; Gag at different resolutions of the Flying Chairs dataset. The netvi@yks
trained with 24x32 images. We double the resolution at each pyramid level and nally
train the convnetG,4 with a resolution of 384x512.

Each convolutional layer is followed by a Recti ed Linear Unit (ReLU), except the
last one. We use 7x7 convolutional kernels for each layer; these worked better than
smaller Iters. The number of feature maps in each con@garef 32, 64, 32, 16, g.

The imagell% and the warped imagtv(llf;u(vk 1)) have 3 channels each (RGB). The
upsampled owu(Vk 1) is 2 channel (horizontal and vertical). We stack image frames
together with the upsampled ow to form an 8 channel input to €aghThe output is 2
channel ow corresponding to velocity xandy.
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Chapter 3 Spatial Pyramid Networks

Using Torch?, we train ve networksf Go; :::; Gag such that each netwoi® uses
the previous networks, 1 as initialization. The networks are trained using Adam [71]
optimization withb, = 0:9 andb, = 0:999. We use a batch size of 32 across all networks
with 4000 iterations per epoch. We use a learning rate of 1e-4 for the rst 60 epochs and
decrease it to 1e-5 until the networks converge. We use the Flying Chairs [33] dataset
and MPI Sintel [22] for training. We traine@ for three days antiG;; Gy; G3; G4g for
one day each on a single Titan X.

We include various types of data augmentation during training. We randomly scale im-
ages by a factor betweéh 2] and apply rotations at random witHin17 ; 17 ]. We then
apply a random crop to match the resolution of the conv@&eheing trained. We include
additive white Gaussian noise sampled uniformly frhing0; 0:1). We apply color jitter
with additive brightness, contrast and saturation sampled from a Gaubk{@n0:4).
We nally normalize the images using a mean and standard deviation computed from a
large sample of ImageNet [116] data in [56].

3.3 Experiments

We evaluate our performance on standard optical ow benchmarks and compare with
FlowNet [33] and Classic+NLP [127], a traditional pyramid-based method. We compare
performance using average end-point error (EPE) in Table 3.1. We evaluate on all the
standard benchmarks and nd that SPyNet is the most accurate overall, with and without
ne tuning (details below). Additionally SPyNet is faster than all other methods as shown
in Table 3.2.

Note that the FlowNet results reported on the MPI-Sintel website are for a version that
applies variational re nement (“+v”) to the convnet results. Here we are not interested
in the variational component and only compare the results of the convnet output.

Flying Chairs. SPyNet achieves better performance than FlowNetS [33] on the Flying
Chairs dataset, however FlowNetC [33] performs better than ours. We show the qual-
itative results on Flying Chairs dataset in Figure 3.3 and compare the performance in
Table 3.1.

MPI-Sintel. The resolution of Sintel images is 436x1024. To use SPyNet, we scale the
images to 448x1024, and use 6 pyramid levels to compute the optical ow. The networks
used on each pyramid level alr&p; G1; Go; G3; G4; G4g. We repeat the networt, at
the sixth level of pyramid for experiments on Sintel. Because Sintel has extremely large
motions, we found that this gives better performance than using just ve levels.

We evaluate the performance of our model on MPI-Sintel [22] in two ways. First, we
directly use the model trained on the Flying Chairs dataset and evaluate our performance

Shttp://torch.ch/
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Method Sintel Clean Sintel Final KITTI Middlebury Chairs
train test train test train test train test test
Classic+tNLP 4.13 6.73 5.90 8.29 - - 0.22 0.32 3.93
FlowNetS 450 742 545 843 8.26 - 1.09 - 2.71
FlowNetC 431 7.28 587 8.81 9.35 - 1.15 - 219
SPyNet 412 6.69 557 8.43 9.12 - 033 058 263
FlowNetS+ft 3.66 6.96 444 7.76 752 9.1 0.98 - 3.04
FlowNetC+ft 3.78 6.85 5.28 851 8.79 - 0.93 2.27
SPyNet+ft 3.17 6.64 432 836 8.25 10.1 0.33 0.58 3.07
SPyNet+ft* - - - - 336 41 - - -

Table 3.1: Average end-point errors (EPE). Results are divided into methods trained with
(+ft) and without ne tuning. SPyNet+ft* uses additional training data compared to
FlowNet+ft. Bold font indicates the most accurate results among the convnet methods.

ClassictNLP FlowNetS FlowNetC SPyNet
Time (S) 102 0.080 0.150 0.069

Table 3.2: Average running time of optical ow methods. All run times are measured on
Flying Chairs and exclude image loading time.

on both the training and the test sets. Second, we extract a validation set from the Sintel
training set, using the same partition as [33]. We ne tune our model independently on
the Sintel Clean and Sintel Final split, and evaluate the EPE. The ne-tuned models are
listed as “+ft” in Table 3.1. We show the qualitative results on MPI-Sintel in Figure 3.4.

Table 3.3 compares our ne-tuned model with FlowNet [33] for different velocities
and distances from motion boundaries. We observe that SPyNet is more accurate than
FlowNet for all velocity ranges except the largest displacements (over 40 pixels/frame).
SPyNet is also more accurate than FlowNet close to motion boundaries (see Figure 3.4),
which is important for many problems.

KITTI and Middlebury.  We evaluate KITTI [43] scenes using the base model SPyNet
trained on Flying Chairs. Here we also ne-tune the model using Driving and Monkaa
scenes from [86] and evaluate the ne-tuned model SPyNet+ft*. Fine tuning results in a
signi cant improvement in accuracy by about 5 pixels. The large improvement suggests
that better datasets are needed and that these could improve the accuracy of SPyNet
further on general scenes.

For the Middlebury [10] dataset, we evaluate the sequences using the base model
SPyNet as well as SPyNet+ft, which is ne-tuned on the Sintel-Final dataset; the Mid-
dlebury dataset itself is too small for ne-tuning. SPyNet is signi cantly more accurate
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Frame 1 Frame 2 Ground Truth SPyNet

Figure 3.3: Visualization of optical ow estimates using our model (SPyNet) and the
corresponding ground-truth ow elds on the Flying Chairs dataset.

on Middlebury, where FlowNet has trouble with the small motions. Both learned meth-
ods are less accurate than Classic+NL on Middlebury but both are also signi cantly
faster.

3.4 Analysis

In this section, we analyse our method with previous work with respect to size of our
model, performance-accuracy trade off and the characteristics of Iters learned by the
network.

Model Size. Combining spatial pyramids with convnets results in a huge reduction in
model complexity. At each pyramid level, a netwo@, has 240,050 learned parame-
ters. The total number of parameters learned by the entire network is 1,200,250, with 5
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