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NEURAL CAMERA MODELS
by

Igor Vasiljevic

Abstract

Modern computer vision has moved beyond the domain of internet photo collections and into
the physical world, guiding camera-equipped robots and autonomous cars through unstructured
environments. To enable these embodied agents to interact with real-world objects, cameras are
increasingly being used as depth sensors, reconstructing the environment for a variety of downstream
reasoning tasks. Machine-learning-aided depth perception, or depth estimation, predicts for each
pixel in an image the distance to a scene object. While impressive strides have been made in depth
estimation, signi�cant challenges remain: (1) ground truth depth labels are di�cult and expensive
to collect at scale, (2) camera information is typically assumed to be known, but is often unreliable
and (3) restrictive camera assumptions are common, even though a great variety of camera types
and lenses are used in practice. In this thesis, we focus on relaxing these assumptions, and describe
contributions toward the ultimate goal of turning cameras into truly generic depth sensors.

In Chapter 3, we show how to extend self-supervised monocular depth estimation beyond pinhole
cameras, jointly estimating depth, pose and calibration for a generic parametric model. Our method
obtains both state-of-the-art depth and competitive calibration, comparing favorably to traditional
target-based methods. In Chapter 4, we take an even more general approach, learning a per-pixel ray
surface model that can represent any central camera. We introduce an architecture for estimating
this general model without modi�cation on radically di�erent camera setups, and apply it to a
variety of challenging datasets where standard parametric models fail, including dashboard cameras
behind windshields and marine robots exploring underwater caves.

In Chapter 5, we relax another standard assumption: the monocular camera. We tackle the
problem of self-supervised learning on multi-camera rigs, making no assumptions about the degree
of overlap between any two cameras. We test our model on recent autonomous driving datasets that
include low-overlap, multi-camera setups, demonstrating that we can learn 360◦ point clouds with
no supervision. Our metrically-scaled estimates achieve state-of-the-art results by a large margin on
a challenging autonomous driving benchmark. Finally, in Chapter 6, we move beyond single-frame
inference into the realm of multi-frame depth estimation. We approach this problem through
the lens of input-level inductive biases, replacing multi-view geometry constraints with geometric
encodings and view augmentations that encourage, rather than enforce, multi-view consistency.
Our geometric scene representation achieves state-of-the-art results on challenging video depth
benchmarks.
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Chapter 1

Introduction

Perspective is nothing else than the
seeing of an object behind a sheet
of glass, smooth and quite transpar-
ent, on the surface of which all the
things may be marked that are be-
hind this glass; these things approach
the point of the eye in pyramids, and
these pyramids are cut by the said
glass.

Leonardo Da Vinci.

It was a sunny June morning in Long Beach, California, and I was leaning against the wall at the

back end of a standing-room-only workshop at CVPR. The last invited speaker had �nished a talk

about recent developments in depth estimation, and a panel session about the “future of 3D vision”

was underway. I looked at my watch—if I skipped the remainder of the morning program, did I

have enough time to surf at Huntington Beach before the poster session? As I started to jostle my

way out of the crowd, I heard a panelist say something that immediately caught my attention:

Why don’t we just learn the fundamental matrix? Traditional vision is based on ideal

assumptions that our actual measurements cannot hope to match. In the future,

our depth networks will learn geometry implicitly rather than enforcing geometric
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constraints. We will directly predict all quantities of interest directly from image data.

To me, this statement immediately jumped out as wrong, even absurd. Why would we throw away

decades (actually, centuries) of development in geometric vision just to learn something we should

already know to be true? If we know that a geometric constraint should hold (such as epipolar

relationships for multi-view depth estimation), why would we not explicitly encode this as part of

the network architecture? It seemed downright wasteful to ask a neural network to learn well-known

geometric relationships from scratch.

Indeed, at the time, it seemed that hybrid systems had the best of both worlds: convolutional net-

works for tasks like stereo depth estimation were augmented with traditional architectural elements

(e.g., cost volumes), achieving state-of-the-art results ( [10, 11]). These methods outperformed hand-

crafted features for a variety of geometric vision tasks (depth, �ow and pose estimation), but also

handily beat pure end-to-end black boxes that the panelist seemed to be advocating. Classical vision

methods still held sway in the setting where no labeled data was available, but at least on benchmark

datasets, a fusion of traditional techniques and learned features emerged as the dominant paradigm.

One major problem limited the advancement of learning-based 3D vision–the paucity of ground-

truth annotations. The �rst major change in the paradigm to address this issue was the emergence

of self-supervised depth methods: now, an end-to-end depth (or �ow) architecture could be learned

with no labels at all. Self-supervised networks replaced depth label supervision with a view syn-

thesis objective: given a sequence of images, depth and pose networks are trained to warp source

to target views [12], the image reconstruction loss guiding depth and pose estimation. Though

these depth estimators initially performed poorly compared to traditional and supervised methods,

loss [13] and architecture [9] improvements soon led to superior performance. Today, self-supervised

“monodepth” techniques form the core of state-of-the-art monocular and stereo estimation [9, 14].

Self-supervised depth estimation to some extent follows the trend outlined by the CVPR panelist:

rather than solving from relative pose and depth using correspondences, a pose network predicts

camera transformations directly from images, and a depth network directly regresses a depth value for

each pixel. Still, these methods rely on explicit geometry, particularly on accurate and pre-calibrated
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(and known) cameras, limiting their practical utility.

A recent revolution in network architectures for computer vision has brought the �eld much

closer to the panelist’s vision: the proliferation of Vision Transformers (ViT) [15] and a variety

of subsequent generalist networks [16, 17]. Forsaking the inductive bias of convolutional layers,

Transformers (and their variants) have been applied with minimal modi�cation to text, image, and

audio data, achieving state-of-art results by encoding data-speci�c inductive biases (such as patch

positional encodings) at the input level. Transformer variants have achieved impressive results on

geometric vision tasks such as optical �ow [17] and stereo estimation [18], solely with input-level

biases (i.e., patch and camera ray encodings, respectively), outperforming much more complex,

bespoke architectures that bake the inductive bias (e.g., cost volumes) into the architecture itself.

These networks fully realize the vision of an end-to-end network that is free of architectural biases.

In the �nal chapter of this thesis, we will describe a Transformer-based video depth estimation

architecture that outperforms hybrid methods, matching the accuracy of techniques that use a

wide variety of traditional architectures and losses (e.g., cost volumes and bundle adjustment) but

also outperforming them on zero-shot generalization by a wide margin. In light of the transformer

revolution in vision, the comments of the CVPR panelist seem quite prescient—this new paradigm

promises to upend standard practices and frameworks for geometric vision tasks in the 2020s, much

as the introduction of convolutional networks did in the 2010s.

1.1 Thesis Outline

This thesis will present a series of methods for generalized depth estimation.

First, in Chapter 2 we will review the geometry of single and multiple cameras, brie�y describing

some of the techniques used in geometric vision. We then review the depth estimation task, describ-

ing the standard datasets for this task, both indoors (with ground truth obtained using noisy but

dense IR cameras) and outdoors (with ground truth collected with sparse but precise LiDAR scan-

ners). We review a novel indoor-outdoor depth dataset we collected to train a general (supervised)
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depth estimator, and describe some of the challenges we faced, eventually motivating our shift to

self-supervised depth estimation. We describe the self-supervised framework used throughout the

thesis, and review some common metrics used to benchmark depth models.

The standard self-supervised framework described in Chapter 2 relies on calibrated, perspective

cameras. In Chapters 3 and 4, our goal is to generalize self-supervised depth beyond this limited

setting, proposing two self-supervised self-calibration frameworks: one for parametric camera models

(Chapter 3), and another for non-parametric camera models (Chapter 4). In Chapter 3 we start

by replacing the pinhole model with a more general parametric Uni�ed Camera Model (UCM),

and jointly estimate the camera parameters along with depth and pose. We test not only the

estimated depth (achieving state-of-the-art results on the challenging EuRoC drone dataset), but

also evaluate the accuracy of the estimated UCM parameters. We demonstrate for the �rst time

sub-pixel re-projection error for self-supervised self-calibration. Our method compares favorably to

a state-of-the-art supervised (target-based) calibration tool [19].

In Chapter 4, we consider an even more general monocular self-calibration approach, replacing

parametric cameras with a non-parametric per-pixel “ray surface” model (due to Grossberg and

Nayar [20]). This “generalized” camera model separately calibrates the viewing ray for each pixel,

and can model any central imaging geometry. It describes equally well perspective, �sheye, and even

complex camera-mirror systems (catadioptric cameras). This generality comes at the cost of highly-

overparameterized calibration (where parameters must be obtained for each pixel); thus, adoption of

this model has been limited. A further limitation is that the projection operation is signi�cantly more

complex than standard parametric models (requiring iterative optimization to �nd the calibration

ray closest to the 3D point of interest). We show that it is possible to learn a per-pixel ray surface with

no calibration targets as part of a self-supervised learning framework. We introduce a curriculum

learning approach and a soft-max approximation for the (non-di�erentiable) projection operation,

slowly adapting the camera model as the network learns depth and pose estimators from data. We

train our “neural ray surface” model without modi�cation on perspective, �sheye, catadioptric,

underwater, and dashboard camera images, achieving state-of-the-art results and enabling for the

�rst time self-supervised depth estimation for several challenging imaging geometries.
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The prior two chapters describe methods that expand the class of cameras that can be used

for monocular depth estimation, but they are still limited to the single-camera setting. For many

robotics tasks (and especially in autonomous driving), multi-camera datasets are ubiquitous. In

Chapter 5, we extend self-supervised monocular depth estimation to the multi-camera setting,

proposing a model that makes no assumptions about the number of cameras. We assume that one

or more cameras are rigidly attached to a generic moving rig, and these cameras can have arbitrary

(or no) overlap in �eld-of-view. Independently predicting single-frame depth for each camera on

the rig and enforcing multi-view constraints, we learn a multi-view consistent depth estimator. For

camera rigs that cover the entire �eld of view around the vehicle, we predict 360◦ degree point

cloud estimates from image data. The depth predictions have metric scale, in contrast to standard

self-supervised monodepth, which is only estimated up-to-scale; in prior work metric scale requires

additional information (such as velocity [9]). The full-surround point clouds are obtained from

depth predictions from individual cameras and the known extrinsics, and they are well-aligned due

to our consistency constraints. We achieve state-of-the-art results by a large margin on challenging

autonomous driving benchmarks.

In the �nal chapter, we remove a core assumption in all of the prior chapters (multi-view consis-

tency) and move beyond single frame inference. We propose a video depth estimation architecture

that relies on no geometric constraints, mapping an arbitrary number of input frames to a latent

space from which we can decode any number of novel depth views. Our method’s starting point is

similar to the ray surface in Chapter 4, encoding viewing ray directions and positions at each pixel as

an implicit representation (an input-level inductive bias [18]) for that pixel’s geometry in space. We

propose a random view augmentation procedure that encourages rather than enforces multi-view

consistency. The method signi�cantly outperforms state-of-the-art transformer stereo networks

but also outperforms traditional bespoke video depth architectures that are signi�cantly more

complex (relying on cost volumes, epipolar constraints, and even bundle adjustment). Our method

also achieves state-of-the-art zero-shot generalization results by a wide margin, demonstrating that

inductive bias-based learning is a promising direction for robust geometric vision.
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Chapter 2

Background

There are no forms in nature. Na-
ture is a vast, chaotic collection of
shapes. You as an artist create con-
�gurations out of chaos. You make
a formal statement where there was
none to begin with. All art is a com-
bination of an external event and
an internal event... I make a photo-
graph to give you the equivalent of
what I felt. Equivalent is still the best
word.

Ansel Adams.

In this chapter we describe the fundamentals of geometric vision used throughout the thesis.

First, we review cameras and camera models; this will form the background for discussing our

self-calibration contributions in Chapters 3 and 4. Then, we introduce the task of (monocular)

depth estimation and describe the two major settings in the literature: supervised and self-supervised

learning.
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2.1 A Brief History of Cameras

In the early 11th century, the Arab mathematician Alhazen (Ibn al-Haytham) had a problem.

He wanted to measure the shape of a solar eclipse, but he lacked a device to safely observe the

phenomenon [21]. Alhazen, already an accomplished geometer, would turn to an optical device

and conduct one of the �rst camera-aided experiments. His solution was a camera obscura, a dark

room with a small hole on one side. He identi�ed a number of conditions and limitations of this

device: [21]:

• the object of interest must be su�ciently bright;

• the camera obscura must be su�ciently dark;

• the camera must be su�ciently wide;

• for a sharp image to be cast, the hole must be narrow enough;

• �nally, the hole must be wide enough to avoid di�raction.

The principle was simple—light travels in a straight line, and if it passes through a hole that is

su�ciently small, it will not scatter but form an image (albeit an inverted one) on the opposite wall

or screen.

This early “pinhole camera” allowed Alhazen to observe a partial eclipse, and the device along

with his accompanying derivations on the mathematics of perspective projection pioneered the

geometry of pinhole cameras many centuries before photographic cameras were developed [21].

Alhazen would go on to set the foundations of modern optics, and the principles he developed for

his pinhole camera were some of the earliest steps in geometric vision.

The photographic camera as we know it today would not be developed until the 19th century.

Camera construction quickly improved, and increasingly complex camera lenses were developed.

Many of the problems that Alhazen outlined above were solved or at least ameliorated with newer

technology. The lens, a piece of shaped glass used to focus light, allowed the imaging of objects that
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were less bright for much shorter exposure times, allowing for the capture of images that were far

superior to those of pinhole-based cameras. They also reduced di�raction and distortion issues but

introduced their own lens- and lens-system speci�c distortions that would motivate sophisticated

camera models and calibration techniques.

Though they came many centuries after Alhazen’s early eclipse-imaging experiments, attempts

to use these new devices to recover three-dimensional geometry long predate computer vision

as a �eld. The earliest “geometric vision” experiments followed shortly after the invention of

the camera. A number of cartographers noticed that images could dramatically speed up the

creation of maps. One of these researchers, the French engineer Aimé Laussedat, initiated a research

program he called “iconométrie”, the very earliest attempts at camera-based structure estimation.

Laussedat’s approach was simple: he took images of landmarks in Paris and then reconstructed

them by hand using the geometry of perspective projection [22], more than 150 years before the

landmark “Phototourism” [23] paper enabled large-scale automated reconstruction of landmarks

from tourist images.

Édouard-Gaston Daville, a Canadian surveyor, further developed the theory of mapping from

multiple images, and in the process of improving his procedures introduced some of the �rst

camera calibration procedures for reconstruction [24]. He (and his many followers) used manual

stereoplotters to match features from stereo pairs, and his sophisticated topographic reconstruction

procedure would remain in use for decades [24].

As aerial surveys increased in frequency and importance before and during the First World War

and the importance of this nascent �eld grew, calibration techniques were developed to carefully

estimate the perspective camera parameters [25]. By the Second World War, reconnaissance and

mapping applications required the use of increasingly sophisticated calibration techniques. The

war spurred the development of the �rst sophisticated distortion models [25], and attempts were

made to measure in the lab any possible imperfections of the imaging system and changes caused

by variables introduced by the harsh aerial imaging environment (e.g. very low temperatures). As

lab-based re-calibration was often not possible for many cameras used by the military, self-calibration
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techniques emerged around this time. The stars were a natural target for self-calibration—estimating

the “extrinsics” of the camera with respect to the stars had a long history in the practice of maritime

celestial navigation (using star surveys), and there was a large enough number of these targets for

relatively robust least-squares solutions [25].

In 1956, Duane Brown published a paper titled “The Simultaneous Determination of the Ori-

entation and Lens Distortion of a Photogrammetric Camera” and initiated the study of “bundle

adjustment”, the joint extrinsic and intrinsic calibration and 3D structure estimation from a system

of cameras (or images from a single camera). His work on bundle adjustment remains in use to this

day as part of large scale structure-from-motion toolkits, and his distortion model is still one of the

most commonly-used camera models. We will brie�y review it in Section 2.2.2).

Today, there are many imaging devices available to us, from inexpensive aftermarket dashboard

cameras, to waterproof casing underwater rigs. The proliferation of cameras, especially low-cost

cameras, necessitates the use of increasingly more complicated camera models. In the later chapters

of this thesis, we will discuss a variety of methods that aim to generalize modern geometric methods

to the great variety of cameras available today.

2.2 Camera Geometry

A camera model is a representation of the relationship between world points and their images. In

this section, we will �rst brie�y discuss the most ubiquitous camera model in robotics and vision,

the pinhole camera model, and the distortion parameters that are typically added to this model.

Then, we will review how a camera calibration is obtained and evaluated, introduce a few relevant

multi-camera relationships, and discuss viewing ray geometry.
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2.2.1 The Pinhole Model

The aperture of Alhazen’s camera obscura was simply a small hole in a wall—the researcher enumer-

ated the many limitations of this approach, and in the centuries since, light-focusing lenses placed

in front of the aperture have proliferated. These lenses transform 3D points into 2D images onto

a photo-sensitive image plane. Modern optics has led to increasingly complex lens systems, even

in consumer cameras–increasingly more complex compound lenses are common in smartphone

cameras (see Figure 2.1 for an example). These designs attempt to �x many of the problems identi-

�ed by Alhazen, whether it be di�raction or geometric distortion, subject to constraints (e.g. for

smartphone, thickness is at a premium).

Despite the complexity of modern lens systems, the pinhole approximation remains popular in

computer vision. In this section, we will brie�y review the pinhole camera model, and then discuss

some common distortion models that attempt to bring the estimated camera closer to the physical

device.

Figure 2.1: Modern smartphone cameras use a complex series of lenses to focus light on their tiny
sensors.

The pinhole model is illustrated in Figure 2.2. For a world point on an imaged object P =
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Figure 2.2: Light re�ected from scene points travels through the pinhole a distance de�ned by the
focal length to be collected on a photosensitive image plane.

(X, Y, Z), re�ected light travels through space and enters the camera through an aperture. We

assume that this point is in camera coordinates. The size of this aperture is assumed to be in�nitesimal

and �xed. The light then travels a distance f (the focal length) from the aperture to the image plane,

intersecting it at a point p = (u, v). Using similar triangles we can �nd that (X, Y, Z) projects to

(u, v) as:

u = fX/Z + cxv = fY/Z + cy (2.2.1)

where (cx, cy) is the principal point of the camera, the pixel to which the center of projection is

projected. The camera parameters: (f, cx, cy) can be collected into a intrinsics matrix:

K =

 f 0 cx
0 f cy
0 0 1

 (2.2.2)

If we use homogeneous coordinates, which are widely used in projective geometry, the projection

and unprojection operations can be written as matrix-vector products. For a pixel p = (u, v),

we instead append a coordinate and write p = (u, v, 1) in the homogeneous representation,

allowing projection to be a matrix-vector product. For the rest of this thesis, pixels p are always in

homogeneous coordinates (unless indicated otherwise).

Given a scene depthZ , we can write projection, the mapping of 3D points to 2D image coordinates,

as π(P) = 1
Z
KP. Un-projection, the mapping of image coordinates to 3D points, is written as
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φ(p, Z) = Z K−1p. In matrix form, for a focal length f we have un-projection:

φ(p, Z) = Z K−1p = Z


f 0 cx

0 f cy

0 0 1


−1[

u v 1
]T

(2.2.3)

and projection:

π(P) =
1

Z
KP =

1

Z

 f 0 cx
0 f cy
0 0 1

 [ X Y Z
]T
, (2.2.4)

This model (or a common variation that has a separate focal length in x and y directions: fx, fy)

is often a “good enough” approximation for high quality machine vision perspective cameras, but

the huge diversity of cameras and lenses today means that there are many cameras for which this is a

poor approximation. More accurate variants for many lenses introduce new distortion parameters

in addition to the focal length and principal point, reducing the approximation error.

2.2.2 Distortion Models

Distortion models allow the introduction of calibration parameters that allow the model to be a

closer �t to many physical lenses. Two major types of distortion that are modeled by the Brown

model [26] (introduced in Section 2.1) are radial distortion and tangential distortion. Radial

distortion occurs when a lens is not rectilinear, meaning that lines are not mapped to lines but

curves. In the Brown model, this distortion is typically modeled by three parameters: (k1, k2, k3).

Tangential distortion occurs when the lens is not parallel to the image plane, and can also be modeled

by two parameters: (p1, p2).

Consider projecting a point P onto the image plane of a camera with lens distortions described

by this model. The projection according to an un-distorted pinhole model will project the point

to a pixel p = (u, v). Denote the distorted pixel by pdistorted = (ud, vd). Then, the distortion
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according to the radial parameters is:

ud = u(1 + k1r
2 + k2r

4 + k3r
6)ud = v(1 + k1r

2 + k2r
4 + k3r

6) (2.2.5)

and tangential distortion can be written as follows:

ud = u+ (2p1uv + p2(r
2 + 2u2))vd = v + (2p2uv + p1(r

2 + 2v2)) (2.2.6)

Given that the radial distortion for many lenses is (approximately) radially symmetric, the parameter

r(u, v) is given by: r(u, v) =
√

(ud − u)2 + (vd − v)2.

This model is popular due to its relative simplicity, and continues to be popular in the literature,

being one of the default distortion models for OpenCV 1. In the literature on depth estimation, it

has recently been used by Gordon et al. [4] as a general model for a large dataset of YouTube videos

coming from many (unknown) cameras. In Chapters 3 and 4, we describe alternative distortion

models that describe a much wider variety of cameras.

2.2.3 Calibration

The estimation of camera parameters, or camera calibration, is an essential �rst step in many robotics

and vision applications. Traditionally, it is performed by capturing images of known calibration

targets (such as checkerboards), which consist of patterns that allow for highly accurate estima-

tion of correspondences between world points Pi and pixels pi. Corner detectors are able to

estimate checkerboard corners with sub-pixel accuracy and automatically establish correspondence

between multiple images of the target. Given these correspondences, the goal of calibration is to

estimate the projection matrix M = K[R|t], which includes the intrinsic parameters as well as the

transformation from the camera to the world points (R, t). Using the projection equation:

λpi = MPi (2.2.7)
1It is used as part of the default camera model for the OpenCV calibration tutorial.
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a number of algorithms have been designed for estimating M from (pi,Pi) correspondences. A

popular algorithm due to Zhang [27] allows for the estimation of M from six correspondences, and

subsequent extraction of the calibration matrix K and transformation (R, t). The calibration can

be further re�ned by minimizing re-projection error (Equation 2.2.8).

This calibration procedure requires ground-truth correspondences, which is a strong assumption

in many settings (e.g., re-calibrating a vehicle camera in the �eld). In this thesis, we will describe

methods that require no calibration targets, but compete in calibration accuracy with methods that

do (Chapter 3).

Evaluation To evaluate the quality of a camera calibration, we need to measure how well the

model un-projects and projects known pixel and point correspondences. Consider a projection

function πK for a camera with intrinsics K. Then, points Pi project to pixels πK(Pi,R, t) = pi.

These correspondences can be AprilTag [28] positions or checkerboard corners [1]. For a set of

observations i = 1, . . . , n, the mean re-projection error is:

E(R, t) =
1

N

n∑
i=1

‖πK(Pi,R, t)− pi‖2 (2.2.8)

This expression incorporates error in a given calibration procedure (estimation of parameters) and

the camera model itself (how well does it describe the relationship between pixels and points for a

given camera) and is measured in pixels.

2.2.4 Multi-Camera Geometry

The geometry of multiple cameras (or a single camera at multiple points in time) is at the core

of geometric vision. For the purposes of this thesis, we will brie�y review elements of two-view

geometry that have found use in modern depth and �ow estimation architectures.

Consider a set of pixel correspondences coming from two images (in homogeneous coordinates),

p0 and p1. Given a common intrinsics matrix K and relative pose (R, t), the epipolar constraint
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fully describes the geometry of the problem:

pT1K
−TR[t]×K

−1p0 = pT1Fp0 = 0 (2.2.9)

where F = K−TR[t]×K
−1 is called the fundamental matrix. It can be estimated from correspon-

dences using a wide variety of algorithms, among the most popular being normalized 8-point [29].

Starting with PoseNet [30], pose estimation has also been treated as a regression problem, taking

image-pair input and (ground truth) pose output and training a relative pose estimator directly from

pixels. These supervised approaches have serious limitations [31], failing to generalize to unseen

camera motions.

Direct pose regression has found an important application in self-supervised depth estimation [12],

where PoseNet variants are used for generating pose predictions without any direct supervision

(more details to come in Section 2.3.4).

More recently, hybrid depth-and-pose architectures have been proposed that replace PoseNets,

falling back to the robustness of traditional solvers [32] and showing signi�cant improvements

in generalization for pose estimation. Optical �ow networks can be used to propose two-frame

correspondences which are input for an 8-point solver, or they can be used as part of an epipolar

constraint [33] to encourage a model’s predictions to align more closely to two-view epipolar

geometry.

Towards enforcing two-view geometry at the loss level, a popular normalized variant is the sym-

metric Sampson error [34]:

Esampson =
(pT1Fp0)

2

(Fp0)21 + (Fp0)22 + (FTp1)21 + (FTp1)22
(2.2.10)

which has found use as a loss for two-view �ow estimation [35]. These loss-level constraints allow

the neural network’s parameters to adjust to conform to epipolar geometry, but in Chapter 6 we will

describe how networks that enforce these constraints at the loss level su�er from poor generalization.
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Another two-frame geometric loss, the disparity equation, forms the core of the self-supervised

depth estimation. This relationship between pixels in two views can be used to warp one image to

the other.

Given two views (I0 and I1) of the same scene with relative pose (R, t) and intrinsics K, our

goal is to warp the source (I0) to the target (I1) frame. If we have access to scene depthZ0 at a pixel

p0, we can un-project this pixel to a 3D point, transform it to the coordinates of I1, and project it

into the new image.

In this way, we can compute the coordinates of all (visible) pixels from the source to the target

view:

p1 ∼ Z0KR[t]×K
−1p0 (2.2.11)

With an estimate of Î1 generated in this way, we can compare it to the (held-out) I1. We will

describe this loss in more detail in Section 2.3.4.

2.2.5 Viewing Ray Geometry

As an alternative to the pinhole camera model described above, a camera j can instead be interpreted

as a bundle of viewing rays, and each pixel i can be mapped to a 3D vector in space parameterized

by a ray origin oj and ray direction rij . The viewing ray represents the line in space along which

the pixel samples the world. This camera representation has become popular in recent years due to

its use in volume rendering, especially in neural radiance �elds [36], but it has a rich history in the

literature on generalized cameras [20, 37, 38].

Projection and un-projection operations can be represented in this ray view. Consider a viewing

ray along a pixel in homogeneous coordinates (overloading notation a bit) pij = (uij, vij, 1).

Denote its origin by oj and its direction by rij . For a perspective camera with a known calibration

Kj , and transformation (Rj, tj) with respect to the origin of the world coordinate frame, we can
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�nd the origin:

oj = −Rjtj (2.2.12)

and ray direction:

rij =
(
KjRj

)−1
pij (2.2.13)

The ray direction rij may come from the calibration Kj , but it may also incorporate any number

of distortions; this type of model is often called the generalized or general camera model, and its

earliest development is owed to the pioneering work of Grossberg and Nayar [20]. In Chapter 4,

we will describe our self-supervised architecture for learning rij .

For any pixel pij , given a scene depthZ we can un-project this pixel to a 3D point by:

φ(pij, Zij) = Pij = oj + Zij
(
KjRj

)−1
pij (2.2.14)

Going in the other direction (projection) is more complex for generalized cameras. Consider a 3D

point Pij we wish to project onto the image plane. Denote the direction from the point to the

camera center, i.e. Pij − oj = qij . Assuming a central camera, we need to solve the following

optimization problem:

π(Pij) = p̂ij = argmax
i

rij · qij (2.2.15)

That is, we need to �nd the ray on the ray surface closest to the direction to the 3D point from the

camera center. This model is signi�cantly more complex than a standard perspective projection,

and Levenberg-Marquadt iteration is often used [39]. A recent neural radiance �eld variant [40]

foregoes the need to project points through the use of volume rendering, learning the generalized

camera using only the (closed form) un-projection operation.

In Chapter 4 we will describe a di�erentiable approximation which allows us to both project and

un-project with a generalized camera, learning a di�erentiable approximation to Equation 2.2.5 and

allowing us to learn the parameters of a wide variety of cameras.
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2.3 Depth Estimation

Humans and most other animals rely on the ability to perceive object depth to navigate our three-

dimensional world. Psychologists have amassed a collection of depth cues that humans use to

turn visible objects into some notion of relative or absolute distance. These cues are typically

divided into binocular, or stereo cues from seeing the object from two di�erent perspectives (eyes),

and monocular cues that only require one eye or image. The latter include occlusion, shading,

perspective and texture gradients, all of which provide information about scene depth. Humans

use both stereo and monocular hues to perceive depth, but traditionally geometric vision has

investigated the former rather than the latter [41].

Like humans, robots need some way of perceiving the world and mapping vision-based (2D)

predictions into 3D. In computer vision, a common intermediate representation of 3D shape is

the depth map, a per-pixel representation of distance from the camera to the surface imaged at that

pixel. In this section, we will describe depth estimation from the computer vision perspective. We

will �rst describe the popular benchmark datasets that have driven much of the progress in the

�eld over the past decade. Then, we will discuss some of the shortcomings of these datasets, and

the challenges we encountered collecting our own diverse dataset attempting to address some of

these limitations. Our supervised depth estimation experiments on this dataset (and challenge

of obtaining accurate predictions even with a state-of-the-art supervised model) motivated our

transition to self-supervised learning, which enables the use of huge un-labeled (or sparsely labeled)

video datasets.

2.3.1 Benchmark Datasets

For any machine learning task, the most important starting point is data. The availability of large,

diverse, and manually labeled datasets, such as ImageNet [42], Places [43], and COCO [44] has

enabled the dramatic success of deep learning-based methods on recognition tasks. Annotation

tools (and startups o�ering annotation services) have proliferated over the past few years, and as
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annotation standards improved, a large number of high-quality labeled classi�cation, detection and

segmentation datasets have been collected.

In contrast, depth labels are challenging to collect. Humans can annotate relative depth (between

two random points in an image, e.g., a pixel on a tree is closer to the camera than a pixel on a

building behind the tree) but struggle at measuring metric depth. Work on creating annotated

relative depth data [45] still relies on RGB-D ground truth as part of the training pipeline to train

an accurate depth estimator. These RGB-D labels require specialized and often expensive 3D range

sensors that have a variety of limitations (such as limited performance in direct sunlight). These

include sparse but accurate LiDAR scanners typically used to collect outdoor driving datasets such

as KITTI [46] and DDAD [9]) and noisy but dense IR scanners used to collect indoor datasets

such as NYUv2 [47] and Scannet [48]. Both of these types of sensors have their limitations (e.g.,

IR cameras cannot be used outdoors and have limited range) and thus datasets are typically split

between outdoor (streets) and indoor (apartment and o�ce) datasets. These limitations seriously

limit the diversity of possible training datasets.

One possible solution is the creation of synthetic data, and a large number of synthetic datasets

have been proposed (e.g., Synthia [49], Virtual KITTI [50]) and SUN-CG [51], all with varying

degrees of photorealism. With a simulator, perfect per-pixel depth maps can be generated, but this

solution introduces a domain gap between synthetic training data and real-world test data (also

known as the “sim2real” [52] gap, a very active area of research).

Next we will brie�y describe the depth datasets used throughout this thesis, and then describe a

dataset we collected to try and rectify the limitations of prior data.

• KITTI [53]. The KITTI dataset is the standard benchmark for depth and visual odometry

evaluation. It was captured in and around the German city of Karlsruhe, and despite its

relatively low diversity remains among the most popular depth estimation datasets. The

training protocol for this dataset and the splits were introduced in Eigen et al. [54]. With the

�ltering steps described by Zhou et al. [12] to remove static frames, there are 39, 810 images

for training, 4, 424 for validation and 697 for evaluation.
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• EuRoC [3]. The dataset consists of a set of indoor stereo image sequences captured by a

micro-aerial vehicle. The dataset contains accurate motion-capture pose and ground truth

depth captured with a Leica MS50 laser scanner. The scenes consist of small calibration rooms

and a university mechanical room. The dataset consists of a set of indoor MAV sequences

with general six-DoF motion. Consistent with recent work [4], in Chapters 3 and 4 we train

networks on this dataset using center-cropping and down-sample the images to a 384× 256

resolution.

• OmniCam [55]. OmniCam is a driving sequence (a single scene with 12, 607 frames) taken

with an omnidirectional catadioptric camera, providing ground truth odometry. The content

of the dataset is similar to KITTI: residential streets in the German city of Karlsruhe.

• Multi-FOV [56]. Multi-FOV is a small driving dataset recorded in a simulated environment,

providing ground truth depth in a single synthetic scene for three di�erent cameras —pinhole,

�sheye, and catadioptric. The rendering is non-photorealistic, but the dataset is unique for

having ground-truth for several high-distortion camera types (and in Chapter 4 we use it as a

quantitative test of our non-parametric model on catadioptric data).

• ScanNet [48]. ScanNet is an RGB-D video dataset containing 2.5million views from around

1500 scenes. The data consists of real-world videos captured in apartments and o�ces, and is

the indoor counterpart of KITTI, having found much use especially in multi-frame depth

estimation papers. There are typically two di�erent training (and evaluation) settings for this

dataset: stereo and video depth estimation. For the stereo experiments, the setting is described

by Kusupati et al. [57]: downsample scenes temporally by a factor of 20, and use a custom

split to create stereo pairs, resulting in 94212 training and 7517 test samples. For the video

experiments, the evaluation protocol was described by Teed et al. [58], a total of 1405 scenes

is used for training.

• 7-Scenes [59]. This dataset, collected through KinectFusion [60], consists of 640 × 480

images in seven indoor o�ce settings (similar in character to the Scannet o�ce scenes), with

a variable number of scenes in each setting. There are 500–1000 images in each scene. This

dataset is often used to test the out-of-domain generalization of models trained on Scannet.

20



Figure 2.3: Samples from DIODE, including (top) RGB images, (middle) depth maps, and (bot-
tom) surface normal maps. The depth and surface normal maps are false colored according
to and , respectively. Note that invalid depth values and normals
are rendered as black and that the maximum depth value is image speci�c.

• DDAD [9]. DDAD is a modern, diverse driving dataset captured in multiple cities with

high-resolution cameras and LiDAR ground truth. It contains a set of six cameras, and has a

total of 12650 training samples, from which we consider all six cameras for a total of 75, 900

images. The validation set contains 3950 samples (23700 images) and ground-truth depth

maps, used only for evaluation. Following the standard evaluation procedure [9], in our

experiments input images were downsampled to a 640× 384 resolution, and for evaluation

we considered distances up to 200m without any cropping.

• nuScenes [61]. The nuScenes dataset is another driving dataset containing scenes from mul-

tiple cities. It is a popular benchmark for 2D and 3D object detection, as well as semantic and

instance segmentation. It contains images from a synchronized six-camera array, comprised of

1000 scenes with a total of 1.4 million images. It is a challenging dataset for depth estimation

because of the relatively low resolution of the images, very small overlap between the cameras,

high diversity of weather conditions and time of day, and unstructured environments. In our

experiments, the raw images are 1600× 900, which are downsampled to 768× 448, and

evaluated at distances up to 80m without any cropping.
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2.3.2 DIODE: Dense Indoor/Outdoor Depth Dataset

The benchmark datasets we reviewed in Section 2.3.1 involve either indoor or outdoor scenes, but

not both. Furthermore, they tend to lack diversity, particularly for outdoor datasets, which are

usually collected with autonomous driving in mind and thus consist of street scenes. Indoor RGB-D

datasets are usually collected using structured light cameras, which provide dense, but noisy, depth

maps up to approximately 10m, limiting their application to small indoor environments (e.g.,

home and o�ce environments). Outdoor datasets typically have a narrow scope, often limited to

driving scenarios, and are generally acquired with customized rigs consisting of monocular cameras

and LiDAR scanners. Typical LiDAR scanners have a high sample rate, but relatively low spatial

resolution. Consequently, the characteristics of available indoor and outdoor depth maps are quite

di�erent, and models trained on one domain typically generalize poorly to the other [62].

In this section we introduce the DIODE (Dense Indoor/Outdoor DEpth) dataset in an e�ort to

address the aforementioned limitations of existing RGB-D datasets. DIODE is a large-scale dataset

of diverse indoor and outdoor scenes collected using a survey-grade laser scanner (FARO Focus

S350 [63]). Figure 2.3 presents a few representative examples from DIODE, illustrating the diversity

of the scenes and the quality of the 3D measurements. This quality allows us to produce not only

depth maps of unprecedented density and resolution, but also to provide surface normals for indoor

and outdoor scenes with a level of accuracy and coverage not possible with existing datasets. The

most important feature of DIODE is that it is the �rst dataset that covers both indoor and outdoor

scenes in the same sensing and imaging setup.

We designed and acquired the DIODE dataset with three primary goals in mind. First, the dataset

should include a diverse set of indoor outdoor scenes. Second, it should provide dense depth maps,

with accurate short-, mid-, and long-range depth measurements for a large fraction of image pixels.

Third, the depth measurements should be highly accurate.

After describing the dataset collection process, we will review some of the applications the dataset

has found in the computer vision literature. Though some works have used DIODE as a depth

estimation benchmark, it has also found a few interesting and surprising applications. Then, we
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Figure 2.4: Illustrations of image/depth map cropping and recti�cation process. Left: a panorama
(approx. 8K×20K pixels) produced by the scanner; every pixel with a valid return is associated with a
depth value. Four colored frames indicate a subset of FOV crops projected on the panorama. Right:
the corresponding frames after reprojection (to correct artifacts like those on the so�t in the purple
frame), downsampling to 768×1024 pixels, and recti�cation. The depth map associated with the
panorama is cropped and recti�ed in the same way, yielding aligned RGB-D pairs.

introduce depth estimation and point out some of the challenges we encountered when trying to

both train and evaluate an (at the time) state-of-the-art depth estimator on DIODE. Our results

on those experiments (showing a di�culty of generalizing) motivate us to pivot to self-supervised

learning as a means of training depth estimators, transitioning from static images to video data as

a means of training depth estimators without laborious (and expensive) large-scale ground truth

depth collection.

Data acquisition The aforementioned dataset qualities (dense, accurate, equally good indoors

and outdoors) preclude measuring depth using structured light cameras, and instead requires using

LiDAR. We collected our dataset using a FARO Focus S350 scanner [63]. The FARO is an actuated

survey-grade phase-shift laser scanner that provides highly accurate depth measurements over a large

range (0.6m to 350m) with error as low as 1 mm, with high angular resolution (0.009°). The FARO

includes a color camera mounted coaxially with the depth laser, and produces a high-resolution

panorama that is automatically aligned with the FARO’s depth returns. These attributes give the

FARO a variety of advantages over the more frequently used Velodyne LiDAR with a separate RGB

camera, or Kinect depth cameras:

• the scanner is equally well suited for indoor and outdoor scanning;
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• the point clouds are orders of magnitude more dense; and

• there is virtually no baseline between the depth sensor and the RGB camera.

Scanning parameters The FARO allows for the customization of various parameters that govern

the scanning process. These include the resolution of the resulting depth scan (i.e., the number

of points), the color resolution of the RGB panorama (i.e., standard or high de�nition), and the

quality of the scan (i.e., the integration time of each range measurement). We chose the following

scanning settings:

• 1× quality: single scanning pass for every azimuth;

• 360◦ degree horizontal FOV, 150◦ vertical FOV;

• 1/2 resolution:≈ 170M points; and

• 3×HDR: low exposure, regular, high exposure bracketing for RGB.

These settings result in a scan time of approximately 11 minutes. The intermediate output of a

scan is a 20700× 8534 (approximately) RGB panorama and a corresponding point cloud, with

each 3D point associated with a pixel in the panorama (and thus endowed with color). As with other

LiDAR sensors, highly specular objects as well as those that are farther than 350m (including the

sky) do not have an associated depth measurement. Another limitation of the scanner for RGB-D

data collection is that the LiDAR “sees” through glass or in darkness, resulting in detailed depth

maps for image regions that lack appearance information.

Scanning Locations We chose scan locations to ensure diversity in the dataset as well a similar

number of indoor and outdoor scenes. The scenes include small student o�ces, large residential

buildings, hiking trails, meeting halls, parks, city streets, and parking lots, among others. The

scenes were drawn from three di�erent cities. Given the relatively long time required for each scan

(approximately 11min) and the nature of the scanning process, we acquired scans when we could

avoid excessive motion and dynamic changes in the scene. However, occasional movement through

the scenes is impossible to avoid entirely.
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The resulting scans exhibit diversity not just between the scenes themselves, but also in the scene

composition. Some outdoor scans include a large number of nearby objects (compared to KITTI,

where the majority of street scans have few objects near the car), while some indoor scenes include

distant objects (e.g., as in the case of large meeting halls and o�ce buildings with large atria), in

contrast to scenes in other indoor datasets collected with comparatively short-range sensors.

Figure 2.5: More samples from DIODE, including (top) RGB images, (middle) depth maps, and
(bottom) surface normal maps. The depth and surface normal maps are false colored according to
the same legends in Figure 1.

Image Extraction We process the scans to produce a set of recti�ed RGB images (henceforth

referred to as “crops”) at a resolution of 768× 1024. The crops correspond to a grid of viewing

directions at four elevation angles (−20◦,−10◦, 0◦, 10◦, 20◦, and 30◦), and at regular 10◦ azimuth

intervals, yielding 216 viewing directions. We rectify each crop, corresponding to a 45◦(vertical)×

60◦(horizontal) FOV.

Curved sections of the panorama that correspond to each viewing frustum must be undistorted

to form each recti�ed crop, i.e., a rectangular image with the correct perspective. To accomplish this,

we associate each pixel in the recti�ed crop with a viewing ray in the canonical coordinate frame of

the scanner. We use this information to map from panorama pixels and the 3D point cloud to crop

pixels.

For each pixel pij in the desired 768 × 1024 crop, let the ray passing through the pixel be rij .

We assign the RGB value of pij to the average of the RGB values of the nearest �ve pixels in terms
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of the angular distance between their rays and rij . We employ a similar procedure to generate a

recti�ed depth map. For each ray rij , we �nd the set of 3D points Xij whose rays are nearest to rij

in angular distance. We discard points for which the angular distance is greater than 0.5◦. We then

set the depth of pixel pij to the robust mean of the depth of points in Xij , using the median 80%

of depth values. In the event that the set Xij is empty, we record pij as having no return (coded as

depth 0).

To compute normals, for each spatial index (i, j), we then take the set of 3D points X̂ij indexed

by the 11×11 grid centered at (i, j). Using RANSAC [64], we �nd a plane that passes through the

median of the set X̂ij , and for which at least 40% of the points in X̂ij have a residual less than an

adaptive threshold, equal to approximately 0.2mm for points at 1m depth and 6cm at 300m. We

de�ne the normal at position (i, j) to be the vector normal to this plane, facing towards the origin

(we set it to 0 if no such plane is found). Finally, we rotate these normals for each crop according to

the camera vector, and rectify the normals using the same procedure used for the depth map. Note

that the normals resulting from this procedure are based on the point cloud which is about ten

times denser than the D channel in the RGB-D. Thus they are much more accurate and stable than

if one were to derive them from the depth map.

Crop selection The scanner acquires the full 3D point cloud before capturing RGB images. This,

together with the relatively long scan duration can result in inconsistencies between certain RGB

image regions and the corresponding depth for dynamic elements of the scene (e.g., when a car is

stationary during the 3D acquisition, but moves before the RGB images are acquired). Additionally,

some crops might have almost no returns (e.g., an all-sky crop for an outdoor scan). We manually

curated the dataset to remove such crops, as well as those dominated by �at, featureless regions (e.g.,

a bare wall surface close to the scanner).

Masking Though the depth returns are highly accurate and dense, the scanner produces occa-

sional erroneous returns on specular objects and “sees” through glass, resulting in inconsistencies

between RGB and depth. We use a robust median �lter to identify and reject spurious returns,
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and manually mask additional regions in the validation and test sets with spurious or inconsistent

returns. We provide the masks and the raw depth returns to allow users to implement alternative

masking or inpainting schemes [65].

Standard split We establish a train/validation/test split in order to ensure the reproducibility of

our results as well as to make it easy to track progress of methods using DIODE. The validation set

consists of curated crops from 15 indoor and 14 outdoor scans, while the test set consists of crops

from 20 indoor and 20 outdoor scans. When curating scans in the validation and test partitions,

we do not allow the �elds-of-view of the selected crops to overlap by more than 20◦ in azimuth for

validation scans, and 40◦ for test scans. No such restriction is used when selecting train crops.

Figure 2.6: Distribution of measured depth values for DIODE (train set) and other popular RGB-D
datasets.

Dataset statistics Figure 2.6 compares the distribution of values in the depth maps in popular

datasets to DIODE (values beyond 100m are only found in DIODE and thus we clip the �gures for

DIODE for ease of comparison). Note that given that there are often objects both near and far from

the camera in outdoor scans, the distribution of depth values is more di�use in DIODE/outdoor

than in KITTI. Only the much smaller and lower resolution Make3D is close to matching the

diversity of DIODE depth values.
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One important consequence of the highly accurate point clouds captured by the FARO scanner

is that very accurate surface normal maps can be constructed; rather than obtaining normals from

downsampled depth maps (as in other datasets such as NYUv2) we obtain our surface normals

from the original point cloud, improving accuracy and detail.

Applications of DIODE Though originally intended as a dataset for training of general (in-

door/outdoor) depth and surface normal estimators, DIODE continues to �nd applications as an

evaluation dataset: it has been used as a “zero-shot” test set for echo-location [66], ordinal depth

regression [67], depth and scale prediction [68], and novel ranking losses for depth estimation [69].

The per-pixel, highly precise nature of DIODE data has also found an interesting “unintended” use

—it was used to generate a synthetic dataset of physically-based images rendered behind glass to

train a monocular re�ection removal network [70]; the authors’ architecture achieved impressive

results with real-world re�ection-distorted test data. In the next section, we will describe some

of the challenges we experienced when using DIODE as a training dataset for supervised depth

estimation, and some of the limitations this exposed in a fully-supervised approach to this task.

2.3.3 Supervised Monocular Depth Estimation

Supervised depth estimation—predicting ground truth 3D structure from images using machine

learning—dates back to the pioneering work of Saxena et al. [71], where a Markov Random Field was

trained to predict depth using a small labeled dataset. Since then, deep learning-based architectures

trained on large-scale benchmark datasets have proliferated [72, 54, 73, 74, 75]. Papers have proposed

new loss functions [73] and architectures [75] and dataset-mixing strategies [76] to improve the

robustness and accuracy of supervised depth estimators.

In this section, we will describe the common metrics for evaluating the quality of depth predic-

tions, then describe a series of experiments on the DIODE dataset that reveal some of the limitations

of a purely supervised approach to this task.
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2.3.3.1 Metrics

A variety of metrics have been proposed to compare ground-truth depth maps 2 with neural network

predictions (for an early review, see Cadena et al. (2016) [77]). Most popular metrics average over all

valid ground-truth pixels (call that number T ). For a pixel i, if there exists a ground-truth depth

value di, call the predicted depth d̂i.

• absolute error scaled by the reciprocal of the groundtruth depth (abs rel): 1
T

∑
i
|di−d̂i|
di

. This

metric is among the most popular in comparing di�erent models on datasets such as NYUv2,

KITTI and DDAD

• square root of the mean squared error (rmse):
√

1
T

∑
i(d̂i − d̂i)2

• mae and rmse between the log of predicted depth and log of ground-truth depth (mae log10
and rmse log10)

• percentage of predicted depth d̂i within thr relative to ground-truth depth di, i.e., δ =

max( d̂
d
, d
d̂
) < thr

A major limitation of all of these metrics is that they favor methods that predict accurate depth

over large and potentially uninteresting “background” regions. As an illustrative example, imagine

a relatively small tire lying in the middle of a road, with a large tree right next to the road. A depth

estimator that very accuracy predicts depth on the surface of the road but completely missing the

tire would have a higher accuracy than a method that accurately reconstructs the tire on the road

but has a noisier prediction on the tree (which represents many more pixels than the tire). In most

applications, predicting a possible road hazard is much more important than predicting details

on a non-driveable surface. As a solution, a number of methods that attempt to more accurately

predict depth on certain classes (e.g., vehicles) include segmentation-based object- and category-level

variants of the above metrics [78], but whole-image metrics are still common and will be used

throughout this thesis.
2Depth “ground truth” can come from stereo depth, IR cameras, synthetic data, or projected LiDAR point clouds,

but the metrics for comparing predictions with any of these sources of ground truth are typically the same regardless
of the source of ground truth.
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2.3.3.2 DIODE experiments

We evaluate the performance of a strong baseline monocular depth estimator on the DIODE

dataset, and highlight the challenge of predicting high-resolution depth maps. We investigate the

generalization between indoor and outdoor data on DIODE. As our baseline predictor, we use the

DenseDepth [79] architecture, which achieved near-state-of-the-art results on both the NYUv2

and KITTI datasets, and thus served as a simple baseline to test the performance of neural networks

on our indoor/outdoor dataset. These experiments are intended to provide a “sanity check” and

assess the di�culty and utility of DIODE using currently available models.

Model For monocular depth estimation, we use the same objective as in DenseDepth [79], which

consists of L1 loss, depth gradient, and structural similarity (SSIM) [80]. The architecture uses a

DenseNet-169 [81] pretrained on ImageNet as an encoder as well as a simple decoder with no batch

normalization.

We train three models on the indoor (DIODE/Indoor) and outdoor (DIODE/Outdoor) subsets

of DIODE, as well as the entire dataset (DIODE/All). During training, all networks are trained

with the batch size of 4 for 30 epochs using Adam [82]. We start with a learning rate of 0.0001 and

decrease it by one-tenth after 20 epochs. The CNN is fed with a full-resolution image (1024× 768)

and outputs a prediction at half of the resolution (512 × 384). We apply the validity mask on

ground truth during training. We employ random horizontal �ips and random channel swaps for

data augmentation. Note that no inpainting is applied to the ground truth before training. We do

not �ne-tune the model on DIODE/Indoor or DIODE/Outdoor after training on DIODE/All.

During �nal evaluation, we apply 2× upsampling to the prediction to match the size of the ground

truth. The metrics are only evaluated on valid pixels.

The weight on each loss term is set as the same as that in the original model. We set the maximum

depth to be 350m, the farthest range in the DIODE dataset. Other settings are identical to the

original DenseDepth model. We evaluate the performance of the model on the validation set using

standard pixel-wise error metrics and three pixel-accuracy metrics [54].

30



Figure 2.7: RGB frames, ground-truth depth, and predictions from a model trained on DIODE/All
on indoor and outdoor validation data. Note that the model struggles to capture �ne features in
the outdoor image and reconstruct the stairs for the indoor frame.

Experimental Setting Lower is better
Validation Train mae (m) rmse (m) abs rel mae log10 rmse log10

DIODE/Indoor
DIODE/Indoor 1.2731 1.6093 0.3668 0.1494 0.1719
DIODE/Outdoor 2.2809 2.8876 1.1335 0.3076 0.3470
DIODE/All 1.2280 1.5636 0.4506 0.1576 0.1830

DIODE/Outdoor
DIODE/Indoor 14.6225 20.1914 0.6637 0.5938 0.6553
DIODE/Outdoor 7.6357 13.1280 0.4085 0.2132 0.3407
DIODE/All 8.7813 14.1335 0.4533 0.2602 0.3751

DIODE/All
DIODE/Indoor 8.0641 11.0622 0.5178 0.3755 0.4178
DIODE/Outdoor 5.0050 8.0970 0.7647 0.2596 0.3438
DIODE/All 5.0704 7.9581 0.4520 0.2098 0.2807

Table 2.1: Baseline performance of monocular depth estimation for di�erent training and validation
sets.

Analysis Table 2.1 presents the results of generalization across indoor/outdoor scene types. For in-

door validation, the model trained on DIODE/All outperforms the model trained on DIODE/Indoor

in the metrics of mae and rmse, which indicates fewer outliers occur during evaluation. This may

be explained by the larger size (roughly 2× the images) of the outdoor dataset as well as the fact that

outdoor scans capture many diverse objects at a wide range of distances (including near the scanner).
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The performance slightly degrades on the outdoor validation when training on DIODE/All, this

may be because most of a typical indoor scene is within approximately 20m of the camera.

The model trained on DIODE/All outperforms the model trained only on DIODE/Indoor on

indoor data, showing that the outdoor data (with many returns near the camera) allow the model to

generalize better. The same model does not have much degradation on the outdoor val set, showing

that it can predict reasonable depth both indoors and outdoors.

Note that absolute levels of accuracy are low despite use of a near state-of-the-art model at the

time. In Figure 2.7, the low quality of depth predictions is evident–the model trained on the full

dataset is a poor depth predictor in both the indoor setting (failing to predict the shape of the

stairs) and the outdoor setting (failing to reconstruct most �ne structures). Though the dataset

includes tens of thousands of training frames, this data is not yet at the scale needed to train a

quality monocular depth estimator.

Conclusions Though the DIODE dataset has found interesting applications as an evaluation

dataset, its main strength (the diversity of scenes) is also a disadvantage when it comes to training for

depth estimation. We struggled to train an accurate depth estimator with even a near state-of-the-art

model, though the same model performed well when trained and evaluated on NYUv2 (indoor) and

KITTI (outdoor), showing that it is far more challenging to train on diverse data. Clearly, a much

larger dataset would be required to train and test an accurate depth estimator on the same dataset.

However, scaling to more scenes would have taken many more person-hours, given that despite its

relatively modest size, DIODE was very labor-intensive to collect and process. This motivated us

to consider a di�erent paradigm, one where large-scale video datasets could be used to train depth

estimators with no ground truth: self-supervised depth estimation.
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2.3.4 Self-Supervised Depth Estimation

In Section 2.3.2, we reviewed the labor-intensive nature of depth label collection, and the di�culty

in training a diverse depth estimator. Clearly, the requirement of (expensive) depth labels was a

hindrance for training e�ective depth estimators, limiting the accuracy of learning-based approaches.

To alleviate the requirement of depth labels, Garg et al. [83] and Godard et al. [84] introduced an

alternative strategy that involved training a monocular depth network with stereo images, leveraging

Spatial Transformer Networks [85] to warp the right image into a synthesized version of the left. The

resulting loss between synthesized and original left images can be de�ned in a fully-di�erentiable

way [86], thus allowing the depth network to be self-supervised in an end-to-end fashion. Following

Godard et al. [84], Zhou et al. [12] extended this self-supervised training to a purely monocular

setting, where depth and pose networks are learned simultaneously from unlabeled video sequences

obtained from a pre-calibrated pinhole camera.

Depth estimation is now cast as a view synthesis task, using an image reconstruction objective.

Early results were blurry, and lacked the ability to reconstruct �ne detail like thin structures. How-

ever, further improvements in the view synthesis loss [87, 88] and network architectures [9] led

to large improvements, and eventually the accuracy of self- and semi-supervised approaches were

competitive with fully supervised networks, eventually exceeding their accuracy [13, 88, 4, 9, 14].

These learned depth estimators have found numerous applications, including monocular 3D object

detection, where “pseudo-LIDAR" [89] point cloud estimates obtained from monocular depth

maps are used to predict 3D bounding boxes. Rather than focus on applications, in this thesis we

will describe various expansions of the original method of Zhou et al. [12] to novel camera settings.

Next, we will describe the self-supervised depth learning framework based on the work of Zhou

et al. [12] used in Chapters 3, 4 and 5.

The framework Consider a video obtained from a moving camera, and for a given timestep,

de�ne a target frame It. Our goal is to predict a per-pixel depth map for this image. Next, de�ne a
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set of context images for this target frame, typically these are temporally nearby frames (e.g., if the

target frame is sampled at time step t, the context images could be the images sampled at t− 1 and

t+ 1). The typical self-supervised depth architecture consists of two parts:

• A depth network that produces depth maps D̂t for a target image It;

• A pose network that predicted the relative pose for pairs of target t and context c frames,

X̂t→c =
(
R̂t→c t̂t→c

0 1

)
∈ SE(3)

To supervise these two networks, a reconstruction Ît of image It is made using the predicted depth

d̂t and predicted relative pose X̂t→c. A warping map is used to resample context images Ic into a

prediction of the target Ît. To obtain the warp map for this reconstruction, we use STN [85] via

grid sampling with bilinear interpolation. This view synthesis operation is thus fully di�erentiable,

enabling gradient back-propagation for end-to-end training. We de�ne the pixel-warping operation

as:

p̂t = π
(
R̂t→cφ(pt, d̂t,K) + t̂t→c,K

)
(2.3.1)

where φ(p, d̂,K) = P is the unprojection of a pixel in homogeneous coordinates p to a 3D point

P for a given estimated depth d̂. Denote the projection of a 3D point back onto the image plane

as π(P,K) = p. Both operations require the camera parameters, which for the standard pinhole

model [90] is de�ned by the 3×3 intrinsics matrixK. The camera parameters are typically assumed

to be known, and this restricts the self-supervised learning framework to sequences coming from

calibrated, perspective cameras. The self-supervised loss to be minimized is of the form:

L(It, Ît) = Lp(It, IC) + λd Ld(D̂t), (2.3.2)

which is the combination of an appearance-based photometric loss Lp and a weighted depth

smoothness lossLd, described below in more detail. This loss is then averaged per pixel and batch

during training to produce the �nal value to be minimized.

In this thesis we do not explicitly model dynamic objects. The pixel-warping operation for the

photometric loss is only valid for static scenes, and any moving objects are treated as noise, typically
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through loss masking. Explicit modeling of dynamic objects (so that a valid target exists for both

the static and dynamic scene) [4, 91] could further improve experimental results.

Appearance-Based Loss. Similar to Godard et al. [84] and Zhou et al. [12], the similarity between

target It and warped Ît images is estimated at the pixel level using Structural Similarity (SSIM) [86].

Unlike Mean Squared Error (MSE), which compares raw pixels, SSIM is a perceptual metric,

decomposing error into luminance, contrast and structure components, computing over image

windows computing local statistics (mean, variance, and covariance). It is combined with an L1 loss

term:

Lp(It, Ît) = α
1− SSIM(It, Ît)

2
+ (1− α) ‖It − Ît‖. (2.3.3)

To increase robustness against parallax or the presence of dynamic objects, we follow Godard et

al. [13] and consider only the minimum pixel-wise photometric loss value for each context image in

IC . Similarly, we mask out static pixels by removing those with warped photometric lossLp(It, Ît)

higher than the original photometric lossLp(It, Ic).

Depth Smoothness Loss. To regularize the depth in textureless image regions, we incorporate

an edge-aware term similar to Godard et al. [84], that penalizes high depth gradients in areas with

low color gradients:

Ls(D̂t) = |δxD̂t|e−|δxIt| + |δyD̂t|e−|δyIt|, (2.3.4)

In the following chapters, we extend this basic framework to allow for increasingly diverse camera

models and geometries.

35



Chapter 3

Learning Parametric Camera Models

Your �rst 10,000 photographs are
your worst.

Henri Cartier-Bresson.

Camera calibration is integral to robotics and computer vision algorithms that seek to infer

geometric properties of the scene from visual input streams. In practice, calibration is a labor-

intensive procedure requiring specialized data collection and careful tuning. This process must be

repeated whenever the parameters of the camera change, which can be a frequent occurrence for

mobile robots and autonomous vehicles. In contrast, self-supervised depth estimation approaches

can bypass explicit calibration, typically by inferring per-frame projection models that optimize a

view-synthesis objective.

In this chapter, we extend this self-supervised approach to explicitly self-calibrate a wide range

of cameras from raw videos in the wild. We propose a learning algorithm to learn per-sequence

calibration parameters using an e�cient family of general camera models. Our procedure achieves

calibration results with sub-pixel re-projection error, and outperforms other learning-based methods

on a challenging depth benchmark. We validate our approach on a wide variety of camera geometries,

including perspective, �sheye, and catadioptric.
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3.1 Introduction

Cameras provide rich information about the scene, while being small, lightweight, inexpensive,

and power e�cient. Despite their wide availability, camera calibration largely remains a manual,

time-consuming process that typically requires collecting images of known targets (e.g., checker-

boards) as they are deliberately moved in the scene [27]. While applicable to a wide range of camera

models [92, 93, 20], this process is tedious and has to be repeated whenever the camera parameters

change. A number of methods perform calibration “in the wild” [94, 95, 96]. However, they rely

on strong assumptions about the scene structure, which cannot be met during deployment in

unstructured environments. Learning-based methods relax these assumptions, and regress camera

parameters directly from images, either by using labelled data for supervision [97] or by extending

the framework of self-supervised depth and ego-motion estimation [83, 12] to also learn per-frame

camera parameters [4, 98].

While these methods enable learning accurate depth and ego-motion without calibration, they

are either over-parameterized [98] (described in Chapter 4) or limited to near-pinhole cameras [4].

In contrast, in this chapter we describe a self-supervised camera calibration algorithm capable of

learning expressive models of di�erent camera geometries in a computationally e�cient manner.

In particular, our approach adopts a family of general camera models [1] that scales to higher

resolutions than previously possible, while still being able to model highly complex geometries such

as catadioptric lenses. Furthermore, our framework learns camera parameters on a per-sequence

rather than per-frame basis, resulting in calibrations that are more accurate (and more stable)

than those achieved using contemporary learning methods. We evaluate the re-projection error of

our approach compared to conventional target-based calibration routines, showing comparable

sub-pixel performance despite only using raw videos at training time.

The contributions described in this chapter can be summarized as follows:

• We propose to self-calibrate a variety of generic camera models from raw video using self-

supervised depth and pose learning as a proxy objective, providing for the �rst time a calibra-
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(d) Camera parameter re-calibration

Figure 3.1: Our self-supervised self-calibration procedure can recover accurate parameters for
a wide range of cameras using a structure-from-motion objective on raw videos (EuRoC dataset,
top), enabling on-the-�y re-calibration and robustness to intrinsics perturbation (bottom).

tion evaluation of camera model parameters learned purely through self-supervision.

• We demonstrate the utility of our framework on challenging and radically di�erent datasets,

learning depth and pose on perspective, �sheye, and catadioptric images without architectural

changes.

• We achieve state-of-the-art depth evaluation results on the challenging EuRoC MAV

dataset by a large margin, using our proposed self-calibration framework.
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3.2 Related Work

This chapter builds on the self-supervised depth and pose learning approach introduced by Zhou et

al. [12] and reviewed in Section 2.3.4. Next we review prior work in traditional and learning-based

camera calibration.

Camera Calibration. Traditional calibration for a variety of camera models uses targets such as

checkerboards or AprilTags to generate 2D-3D correspondences, which are then used in a bundle

adjustment framework to recover relative poses as well as intrinsics [27, 34]. Targetless methods

typically make strong assumptions about the scene, such as the existence of vanishing points and

known (Manhattan world) scene structure [94, 95, 96]. While highly accurate, these techniques

require a controlled setting and manual target image capture to re-calibrate. Several models are

implemented in OpenCV [99], kalibr [100]. These methods require specialized settings to work,

limiting their generalizability.

Camera Models. The pinhole camera model is ubiquitous in robotics and computer vision [101,

102] and is especially common in recent deep learning architectures for depth estimation [12]. There

are two main families of models for high-distortion cameras. The �rst is the “high-order polynomial”

distortion family that includes pinhole radial distortion [103], omnidirectional [92], and Kannala-

Brandt [93]. The second is the “uni�ed camera model” family that includes the Uni�ed Camera

Model (UCM) [104], Extended Uni�ed Camera Model (EUCM) [105], and Double Sphere Camera

Model (DS) [1]. Both families are able to achieve low reprojection errors for a variety of di�erent

camera geometries [1], however the unprojection operation of the “high-order polynomial” models

requires solving for the root of a high-order polynomial, typically using iterative optimization,

which is a computationally expensive operation. Further, the process of calculating gradients for

these models is non-trivial. In contrast, the “uni�ed camera model” family has an easily computed,

closed-form unprojection function. While our framework is applicable to high-order polynomial

models, we choose to focus on the uni�ed camera model family in this chapter.

Learning Camera Calibration. Work in learning-based camera calibration can be divided into
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two types: supervised approaches that leverage ground-truth calibration parameters or synthetic

data to train single-image calibration regressors; and self-supervised methods that utilize only image

sequences. Our proposed method falls in the latter category, and aims to self-calibrate a camera

system using only image sequences. Early work on applying CNNs to camera calibration focused

on regressing the focal length [106] or horizon lines [107]; synthetic data was used for distortion

calibration [108] and �sheye recti�cation [109]. Using panorama data to generate images with a wide

variety of intrinsics, Lopez et al. [110] are able to estimate both extrinsics (tilt and roll) and intrinsics

(focal length and radial distortion). DeepCalib [97] takes a similar approach: given a panoramic

dataset, generate projections with di�erent focal lengths. Then, they train a CNN to regress from a

set of synthetic images I to their (known) focal lengths f . Typically, training images are generated

by taking crops of the desired focal lengths from 360 degree panoramas [111, 112]. While this can

be done for any kind of image, and does not require image sequences, it does require access to

panoramic images. Furthermore, the warped “synthetic” images are not the true 3D-2D projections.

This approach has been extended to pan-tilt-zoom [113] and �sheye [109] cameras.

Other recent work [33, 4, 114] relaxes the assumption of a known camera matrix by learning the

intrinsics in a self-supervised depth and ego-motion framework. These architectures allow training

on completely uncalibrated videos in the wild, and can adapt to di�erent focal lengths from di�erent

cameras because the camera parameters themselves are predicted from image frames in a fully self-

supervised way. However, these methods are limited to a few �xed parametric camera models (usually

the pinhole model or pinhole and distortion parameters) and cannot be trained on a wide variety of

“cameras in the wild" (e.g. catadioptric cameras). Methods also exist for specialized problems like

undistorting portraits [115], monocular 3D reconstruction [68], and recti�cation [116, 117].

3.3 Methodology

In Section 2.3.4 we described the self-supervised monocular depth learning framework that we use

as proxy for self-calibration. Next we will describe the family of uni�ed camera models we consider

and how we learn their parameters end-to-end.
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3.3.1 End-to-End Self-Calibration

UCM [104] is a parametric global central camera model that uses only �ve parameters to represent

a diverse set of camera geometries, including perspective, �sheye, and catadioptric. A 3D point is

projected onto a unit sphere and then projected onto the image plane of a pinhole camera, shifted by
α

1−α from the center of the sphere (Fig. 3.2). EUCM and DS are two extensions of the UCM model.

EUCM replaces the unit sphere with an ellipse as the �rst projection surface, and DS replaces the

one unit sphere with two unit spheres in the projection process. We self-calibrate all three models

(in addition to a pinhole baseline) in our experiments. For brevity, we only describe the original

UCM and refer the reader to Usenko et al. [1] for details on the EUCM and DS models.

Figure 3.2: The Uni�ed Camera Model [1] used in our self-calibration pipeline. Points are
projected onto a unit sphere before being projected onto an image plane of a standard pinhole
camera o�set by α

1−α from the sphere center.

There are multiple parameterizations for UCM [104], and we use the one from Usenko et al. [1]

since it has better numerical properties. UCM extends the pinhole camera model (fx, fy, cx, cy)

with only one additional parameter α. The 3D-to-2D projection ofP = (x, y, z) is de�ned as

π(P , i) =

[
fx

x
αd+(1−α)z

fy
y

αd+(1−α)z

]
+

[
cx
cy

]
(3.3.1)

where the camera parameters are i = (fx, fy, cx, cy, α) and d =
√
x2 + y2 + z2
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Figure 3.3: Our self-supervised self-calibration architecture. We use gradients from the photo-
metric loss to update the parameters of a uni�ed camera model (Fig. 3.2).

The unprojection operation of pixel p = (u, v, 1) at estimated depth d̂ is:

φ(p, d̂, i) = d̂
ξ +

√
1 + (1− ξ2)r2
1 + r2

mx

my

1

−
 0
0

d̂ζ

 (3.3.2)

where

mx =
u− cx
fx

(1− α) my =
v − cy
fy

(1− α) (3.3.3a)

r2 = m2
x +m2

x ζ =
α

1− α
(3.3.3b)

As shown in Equations 3.3.1 and 3.3.2, the UCM camera model provides closed-form projection

and unprojection functions that are both di�erentiable. Therefore, the overall architecture is end-to-

end di�erentiable with respect to both neural network parameters (for pose and depth estimation)

and camera parameters. This enables learning self-calibration end-to-end from the aforementioned

view synthesis objective alone. At the start of self-supervised depth and pose training, rather than

pre-calibrating the camera parameters, we initialize the camera with “default” values based on

image shape only (for a detailed discussion of the initialization procedure, please see Section 3.4.5).

Although the projection 3.3.1 and unprojection 3.3.2 are initially inaccurate, they quickly converge

to highly accurate camera parameters with sub-pixel re-projection error (see Table 3.1).

42



As we show in our experiments, our method combines �exibility with computational e�ciency.

Indeed, our approach enables learning from heterogeneous datasets with potentially vastly di�ering

sensors for which separate parameters i are learned. As most of the parameters (in the depth and

pose networks) are shared thanks to the decoupling of the projection model, this enables scaling up

in-the-wild training of depth and pose networks. Furthermore, our method is e�cient, with only

one extra parameter relative to the pinhole model. This enables learning depth for highly-distortd

catadioptric cameras at a much higher resolution than the method we introduce in Chapter 4;

(1024×1024 vs. 384×384) this e�ciency comes at the cost of generality. Note that, in contrast to

other learning-based self-calibration methods [4, 98], we learn intrinsics per-sequence rather than

per-frame. This increases stability compared to per-frame methods that exhibit frame-to-frame

variability [98], and can be used over sequences of varying sizes.

3.4 Experiments

In this section we describe two sets of experimental validations for our architecture: (i) calibration,

where we �nd that the re-projection error of our learned camera parameters compares favorably to

target-based traditional calibration toolboxes; and (ii) depth evaluation, where we achieve state-of-

the-art results on the challenging EuRoC MAV dataset.

3.4.1 Datasets

Self-supervised depth and ego-motion learning uses monocular sequences [12, 88, 4, 9] or recti�ed

stereo pairs [88, 118] from forward-facing cameras [46, 9, 61]. Given that our goal is to learn camera

calibration from raw videos in challenging settings, we use the standard KITTI dataset as a baseline,

and focus on the more challenging and distorted EuRoC [3] �sheye sequences. For more information

on these datasets, please refer to Section 2.3.1.

• KITTI [46]. We use this dataset to show that our self-calibration procedure is able to
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accurately recover pinhole intrinsics alongside depth and ego-motion.

• EuRoC [3]. For calibration evaluation, we follow Usenko et al. [1] and use the calibration

sequences from the dataset. We evaluate the UCM, EUCM and DS camera models in terms

of re-projection error.

• OmniCam [55]. Since this catadioptric sequence does not provide ground-truth depth

information, we only provide qualitative results.

3.4.2 Training Protocol

We implement the group of uni�ed camera models described in Usenko et al. [1] as di�erentiable

PyTorch [119] operations, modifying the self-supervised depth and pose architecture of Godard

et al. [88] to jointly learn depth, pose, and the uni�ed camera model intrinsics. We use a learning

rate of 2e-4 for the depth and pose network and 1e-3 for the camera parameters. We use a StepLR

scheduler with γ = 0.5 and a step size of 30. All of the experiments are run for 50 epochs. The

images are augmented with random vertical and horizontal �ip, as well as color jittering. We train

our models on a Titan X GPU with 12 GB of memory, with a batch size of 16 when training on

images with a resolution of 384× 256.

Method Mean Reprojection Error

Target-based Learned

Pinhole 1.950 2.230
UCM [104] 0.145 0.249
EUCM [105] 0.144 0.245
DS [1] 0.144 0.344

Table 3.1: Mean reprojection error on EuRoC at 256× 384 resolution for UCM, EUCM and
DS models using (left) AprilTag-based toolbox calibration Basalt [2] and (right) our self-supervised
learned (L) calibration. Note that despite using no ground-truth calibration targets, our self-
supervised procedure produces sub-pixel reprojection error.
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3.4.3 Camera Self-Calibration

We evaluate the results of the proposed self-calibration method on the EuRoC dataset; detailed

depth estimation evaluations are provided in Section 3.4.6. To our knowledge, ours is the �rst direct

calibration evaluation of self-supervised intrinsics learning; although Gordon et al. [4] compare

ground-truth calibration to their per-frame model, they do not evaluate the re-projection error for

their learned parameters.

Following Usenko et al. [2], we evaluate our self-supervised calibration method on the family of

uni�ed camera models: UCM, EUCM, and DS, as well as the perspective (pinhole) model. As a

lower bound, we use the Basalt [2] toolbox and compute camera calibration parameters for each

uni�ed camera model using the calibration sequences of the EuRoC dataset. We note that unlike

Basalt, our method regresses the intrinsic calibration parameters directly from raw videos, without

using any of the calibration sequences.

Method fx fy cx cy α β ξ w

UCM (L) 237.6 247.9 187.9 130.3 0.631
— — —

UCM (B) 235.4 245.1 186.5 132.6 0.650

EUCM (L) 237.4 247.7 186.7 129.1 0.598 1.075
— —

EUCM (B) 235.6 245.4 186.4 132.7 0.597 1.112

DS (L) 184.8 193.3 187.8 130.2 0.561
—

-0.232
—

DS (B) 181.4 188.9 186.4 132.6 0.571 -0.230

Table 3.2: Intrinsic calibration evaluation of di�erent methods on the EuRoC dataset, where
B denotes intrinsics obtained from Basalt, and L denotes learned intrinsics.
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Figure 3.4: EuRoC recti�cation results using images from the calibration sequences. Each column
visualizes the results rendered using (left) the Basalt calibrated intrinsics and (right) our learned
intrinsics. The top row shows that detected (small circles) and reprojected (big circles) corners are
close using both calibration methods. The bottom row shows the same images after recti�cation.

Table 3.1 summarizes our re-projection error results. We use the EuRoC AprilTag [28] calibration

sequences with Basalt to measure re-projection error using the full estimation procedure (Table 3.1

— Target-based) and learned intrinsics (Table 3.1 — Learned). For consistency, we optimize for both

intrinsics and camera poses for the baselines and only for the camera poses for the learned intrinsics

evaluation. Note that with learned intrinsics, UCM, EUCM and DS models all achieve sub-pixel

mean projection error despite the camera parameters having been learned from raw video data.

Table 3.2 compares the target-based calibrated parameters to our learned parameters for di�erent

camera models trained on the cam0 sequences of the EuRoC dataset. Though the parameter vectors

were initialized with no prior knowledge of the camera model and updated purely based on gradients

from the reprojection error, they converge to values very close to the output of a procedure that

uses bundle adjustment on calibrated image sequences.
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Perturbation fx fy cx cy α β MRE

I1.10 init 242.3 253.6 189.5 130.7 0.5984 1.080 0.409
I1.05 init 241.3 252.3 188.5 130.5 0.5981 1.078 0.367
Ic init 240.2 251.4 187.9 130.0 0.5971 1.076 0.348
I0.95 init 239.5 250.9 187.8 129.2 0.5970 1.076 0.332
I0.90 init 238.8 249.6 187.7 129.1 0.5968 1.071 0.298

Ic 235.6 245.4 186.4 132.7 0.597 1.112 0.144

Table 3.3: EUCM perturbation test results. With perturbed initialization, all intrinsic parameters
achieve sub-pixel convergence for mean re-projection error (MRE), with only a small o�set to the
Basalt calibration numbers.

3.4.4 Image Recti�cation

Using our learned camera parameters, we rectify calibration sequences on the EuRoC dataset to

demonstrate the quality of the calibration. EuRoC was captured with a �sheye camera and exhibits

a high degree of radial distortion that causes the straight edges of the checkerboard grid to be curved.

In Figure 3.4, we see that our learned parameters allow for the recti�ed grid to track closely to the

true underlying checkerboard.

3.4.5 Re-calibration: Perturbation Experiments

Thus far, we have assumed to have no prior knowledge of the camera calibration. In many real-

world robotics settings, however, one may want to re-calibrate a camera based on a potentially

incorrect prior calibration. Generally, this requires the capture of new calibration data. Instead, we

can initialize our parameter vectors with this initial calibration (in this setting, a perturbation of

Basalt calibration of the EUCM model) and see the extent to which self-supervision can nudge the

parameters back to their “true value”.

Given Basalt parameters Ic = [fx, fy, cx, cy, α, β], we perturb them as I1.1 = 1.1× Ic, I1.05 =

1.05× Ic, I0.95 = 0.95× Ic, I0.9 = 0.9× Ic and initialize the camera parameters at the beginning

of training with these values. All runs have warm start, i.e., freezing the gradients for the intrinsics
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Figure 3.5: EuRoC perturbation test, showing how our proposed learning-based method is able
to recover from changes in camera parameters for online self-calibration.

for the �rst 10 epochs while we train the depth and pose networks. As Figure 3.5 shows, our method

converges to within 3% of the Basalt estimate for each parameter. Table 3.3 provides the values of

the converged parameters along with the mean projection error (MRE) for each experiment.
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Method Camera Abs Rel↓ Sq Rel↓ RMSE↓ δ1.25 ↑

Gordon et al. [4] K 0.129 0.982 5.23 0.840
Gordon et al. [4] L(P) 0.128 0.959 5.23 0.845
Vasiljevic et al. [98] K(NRS) 0.137 0.987 5.33 0.830
Vasiljevic et al. [98] L(NRS) 0.134 0.952 5.26 0.832

Ours L(P) 0.129 0.893 4.96 0.846
Ours L(UCM) 0.126 0.951 4.89 0.858

Table 3.4: Quantitative depth evaluation on the KITTI [3] dataset, using the standard Eigen
split and the Garg crop, for distances up to 80m (with median scaling). K and L(·) denote known
and learned intrinsics, respectively. P means pinhole model.

Method Camera Abs Rel↓ Sq Rel↓ RMSE↓ α1 ↑

Gordon et al. [4] PB 0.332 0.389 0.971 0.420
Vasiljevic et al. [98] NRS 0.303 0.056 0.154 0.556

Ours UCM 0.282 0.048 0.141 0.591
Ours EUCM 0.278 0.047 0.135 0.598
Ours DS 0.278 0.049 0.141 0.584

Table 3.5: Quantitative depth evaluation of di�erent methods on the EuROC [3] dataset,
using the evaluation procedure in Gordon et al. [4] with center cropping. The training data consists
of “Machine Room” sequences and the evaluation is on the ”Vicon Room 201” sequence (with
median scaling). PN means Plumb Bob model.

3.4.6 Depth Estimation

While we use depth and pose estimation as proxy tasks for camera self-calibration, the uni�ed camera

model framework allows us to achieve meaningful results compared to prior camera-learning-based

approaches (see Figures 3.6 and 3.7).

KITTI results. Table 3.4 presents the results of our method on the KITTI dataset. We note that

our approach is able to model the simple pinhole setting, achieving results that are on par with

approaches that are tailored speci�cally to this camera geometry. Interestingly, we see an increase in

performance using the UCM model, which we attribute to the ability to further account for and

correct calibration errors.

EuRoC results. Compared to KITTI, EuRoC is a signi�cantly more challenging dataset that
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Dataset Abs Rel↓ Sq Rel↓ RMSE↓ α1 ↑ α2 ↑ α3 ↑

EuRoC [4] 0.265 0.042 0.130 0.600 0.882 0.966
EuRoC+KITTI 0.244 0.044 0.117 0.742 0.907 0.961

Table 3.6: Quantitative multi-dataset depth evaluation on EuRoC (without cropping and with
median scaling).

involves cluttered indoor sequences with six-DoF motion. Compared to the per-frame distorted

camera models of Gordon et al. [4] and Vasiljevic et al. [98] (Chapter 4), we achieve signi�cantly

better absolute relative error, especially with EUCM, where the error is reduced by 16% (see

Table 3.5).

Figure 3.6: Self-supervised monocular pointcloud for EuRoC, obtained by unprojecting pre-
dicted depth with our learned camera parameters (input image on the bottom right).

Combining heterogeneous datasets. One of the strengths of the uni�ed camera model is that it

can represent a wide variety of cameras without prior knowledge of their speci�c geometry. As long

as we know which sequences come from which camera, we can learn separate calibration vectors that

share the same depth and pose networks. This is particularly useful as a way to improve performance

on smaller datasets, since it enables one to take advantage of unlabeled data from other sources. To

evaluate this property, we experimented with mixing KITTI and EuRoC. In this experiment, we
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reshaped the KITTI images to match those in the EuRoC dataset (i.e., 384× 256). As Table 3.6

shows, our algorithm is able to take advantage of the KITTI images to improve performance on the

EuRoC depth evaluation.

(a) EuRoC

(b) OmniCam

Figure 3.7: Qualitative depth estimation results on non-pinhole datasets with (a) �sheye and
(b) catadioptric images.
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3.5 Conclusion

We proposed a procedure to self-calibrate a family of general camera models using self-supervised

depth and pose estimation as a proxy task. We rigorously evaluated the quality of the resulting

camera models, demonstrating sub-pixel calibration accuracy comparable to manual target-based

toolbox calibration approaches. Our approach generates per-sequence camera parameters, and

can be integrated into any learning procedure where calibration is needed and the projection and

un-projection operations are interpretable and di�erentiable. As shown in our experiments, our

approach is particularly amenable to online re-calibration, and can be used to combine datasets of

di�erent sources, learning independent calibration parameters while sharing the same depth and

pose network.
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Chapter 4

Learning Non-Parametric Camera Models

Art is both the taking and giving of
beauty; the turning out to the light
the inner folds of the awareness of
the spirit. It is the recreation on
another plane of the realities of the
world; the tragic and wonderful real-
ities of earth and men, and of all the
inter-relations of these.

Ansel Adams.

In Chapter 3, we introduced a a procedure for self-supervised self-calibration of a family of

parametric camera models. This parametric model is a poor approximation in some cases (i.e., a

perspective camera underwater su�ers from signi�cant non-linear distortion caused by the camera-

water interface). In this chapter, we go one step further, showing that self-supervision can be used

to model any central viewing geometry. Inspired by the “raxel” model of Grossberg and Nayar [120],

we introduce Neural Ray Surfaces (NRS) [98], a network that learns per-pixel viewing rays, learned

entirely from unlabeled raw video sequences. We demonstrate the use of NRS for self-supervised

learning of visual odometry and depth from videos obtained using a wide variety of camera setups,

including underwater imaging, cameras behind windshields, and catadioptric cameras.
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(a) Input image (b) Depth map (c) Pointcloud

Figure 4.1: Our self-supervised Neural Ray Surfaces can learn a wide variety of projection
geometries purely from video sequences, including pinhole (top row, KITTI); �sheye (second row,
Multi-FOV ); catadioptric (third row, OmniCam); and underwater (bottom row, Underwater
Caves).
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4.1 Introduction

The perspective pinhole camera model [90] is ubiquitous due to its simplicity—it has few parameters

and is easy to calibrate. Recently, deep neural architectures that rely on the pinhole assumption with

geometric constraints have led to major advances in tasks such as monocular 3D detection [89] and

depth estimation [12]. These networks are generally trained on curated and recti�ed image datasets

where the pinhole assumption is appropriate. Recent work [4] has shown that the parameters for

the pinhole camera model can be learned in a fully self-supervised way, thus enabling self-supervised

learning on videos where calibration might not be available and mixing data from di�erent cameras

during training.

In Chapter 3, we reviewed a method for self-calibrating a more general family of camera models

that encompass a wide variety of possible distortions. [121]. Despite these advances, there are a

variety of settings where the pinhole assumption does not hold—from �sheye and catadioptric

lenses to physical arrangements that break the pinhole assumption (e.g., a dashboard camera behind

a windshield [39], or a camera underwater [122]).

The pinhole model allows for closed-form projection and unprojection operations, and thus

can be easily used as a module in deep architectures, either �xed and precomputed or learned [4].

Parametric distortion models for pinhole cameras as well as models for more complex lens designs [93,

123] can also be adapted for deep architectures, but adapting these models to learn depth and ego-

motion has three major disadvantages: (1) distortion models are generally a simpli�cation of complex

lens distortion, leading them to only be approximately correct; (2) a new di�erentiable projection

architecture needs to be created for each camera model; and (3) there are settings where standard

parametric models are not applicable, such as cameras behind a windshield or underwater.

Instead of adapting individual camera models [123], we propose the end-to-end self-supervised

learning of a di�erentiable projection model from raw un-calibrated videos, in addition to depth

and ego-motion. The generic camera model of Grossberg and Nayar [20] directly relates pixels to

viewing rays, allowing for a per-pixel ray surface that can model a wide variety of distortions and lens
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systems. The representational power of this model comes at the cost of complexity, leading to a large

literature on generic camera calibration [124, 37, 125, 39]. In particular, the projection operation is

considerably more complex than in the perspective model, generally requiring a computationally

expensive optimization step to project 3D points to pixels.

Our Neural Ray Surface (NRS) model is di�erentiable and resource-e�cient, allowing its use

as a geometric module in the standard self-supervised depth and ego-motion setting of Zhou et

al. [12]. In contrast to the pinhole intrinsics prediction module in Gordon et. al. [4], our model

can be trained on datasets captured with radically di�erent (unknown) cameras (Figure 6.1). We

demonstrate learning depth and ego-motion on pinhole, �sheye, and catadioptric datasets, showing

that our model can learn accurate depth maps and odometry where the standard perspective-based

architecture, which is an incorrect model for non-pinhole lenses, diverges. We evaluate the strength

of our model on several depth and visual odometry tasks that until now were considered beyond

what is possible for learning-based self-supervised monocular techniques.

Our main contributions are as follows:

• We show that it is possible to learn a pixel-wise projection model directly from video

sequences without the need for any prior knowledge of the camera system.

• We devise a di�erentiable extension for the unprojection and projection operations that

de�ne a generic ray surface model, thus allowing the end-to-end learning of ray surfaces

for a given target task.

• We replace the standard pinhole model in the self-supervised monocular setting with our

proposed ray surface model, thus enabling the learning of depth and pose estimation for

many camera types, including for the �rst time on catadioptric cameras.

56



4.2 Related Work

Generic Camera Models The di�erentiable ray surface model in our architecture is inspired

by the general camera model of Grossberg and Nayar [20]. This model directly relates pixels with

viewing rays, treating the camera as a black box [124]. It is applicable to many di�erent imaging

systems, including omnidirectional catadioptric cameras, �sheye cameras, pinhole cameras behind

refractive surfaces such as windshields, etc. Despite the appealing generality of these camera models,

calibration with such a large number of parameters remains challenging.

There exist multiple variations of this model and techniques for calibration [124, 37, 125, 39],

as well as investigations into distortion calibration [126, 127] and multi-view geometry [128, 129].

Recent works have explored spline-based ray surface models to simplify calibration, reducing the

number of parameters to be estimated [130, 131, 39].

Our NRS model shares the same projection model as that of Grossberg and Nayar [20], however

our focus in this chapter is on using NRS as a tool for end-to-end learning of monocular depth and

pose with arbitrary cameras, rather than calibration. We leave the investigation of self-supervised

learning as a calibration tool for general cameras to future work.

In Chapter 3, we introduced a self-calibration procedure for a simpler (though still fairly gen-

eral [1]) family of camera models. That model can well approximate perspective, �sheye, and

catadioptric cameras, and has a signi�cant reduction in parameters compared to NRS. The gains in

computational e�ciency come at the cost of generality; NRS is particularly applicable to settings

where parametric camera models are less suitable. Indeed, the per-frame nature of NRS (compared

to the per-sequence model in Chapter 3) is a strength in settings where the projection model is

changing, for example in underwater imaging (see Section 4.4.6).

57



4.3 Methodology

As discussed in Chapter 2, a camera model is de�ned by two operations: the unprojection from

image pixels p to 3D points P, i.e., φ(p, d) = P; and the projection of 3D points onto the image

plane, i.e., π(P) = p. The standard pinhole perspective model [90] provides simple closed-form

solutions to these two operations, as matrix-vector products (Figure 4.2a).

In the generic camera model of Grossberg and Nayar [20], the camera model consists of a

ray surface that associates each pixel with a corresponding direction, o�ering a non-parametric

association between 3D points and image pixels. In this model, although unprojection is simple

and can be computed in closed form, the projection operation has no closed-form solution and is

non-di�erentiable, which makes it unsuitable for learning-based applications (Figure 4.2b). Below

we describe our variant of this generic camera model that is di�erentiable (see Figure 6.2a for the

full architecture), and thus amenable to end-to-end learning in a self-supervised monocular setting.

Notation As described in Section 2.2.5, we think of general cameras as a bundle of viewing rays.

For pixel i, this viewing ray is represented by a camera origin oc and viewing direction ri. In our

experiments, we assume that the monocular camera is central (so that the ray origin is the same

for each pixel [37]), and without loss of generality place it at the origin of the reference coordinate

system. Thus, oc = 0 and the camera model is fully described by the viewing directions ri. We will

denote the array of viewing directions, or ray surface, by Q, so that for a pixel pi, Q(pi) = ri.

4.3.1 Unprojection

Given the above de�nition, for any pixel pi and a predicted depth d̂i, we can easily obtain its

corresponding 3D point Pi as follows:

Pi = d̂iQ̂(pi) (4.3.1)
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(a) Pinhole (b) Generic

Figure 4.2: Unprojection φ and projection π operations for (a) the standard pinhole; and (b)
our proposed neural ray surface, for a single pixel pj considering target It and context Ic images.
Straight arrows in (b) represent unitary ray surface vectors Q(p), drawn out of scale to facilitate
visualization. In this example, p1 is associated to pj , since it satis�es Equation 4.3.3.

In other words, we scale the predicted ray vector r̂i by the predicted depth d̂i.

4.3.2 Projection

ConsiderPt = {Pj}HWj=1 , produced by unprojecting pixels from It as 3D points. In the standard

pinhole camera model, projection is a simple matrix-vector product (Equation 2.2.4). For the

proposed neural ray surface, however, for each 3D point Pj we must �nd the corresponding pixel

pi ∈ Ic with ray direction r̂i = r̂c (pi) that most closely matches the direction of Pj to the camera

center Sc = 0 (see Figure 4.2b). Call this direction rc→j = Pj − Sc = Pj . Thus, we must �nd p∗i

such that:

p∗i = argmax
pi∈Ic
〈Q̂c(pi) , rc→j〉 (4.3.2)

Solving this problem requires searching over the entire ray surface Q̂c and can be computationally

expensive: a camera producing images of resolutionH ×W would require (HW )2 evaluations, as

each 3D point fromPt can be associated with any pixel from Ic. Additionally, the argmax operation
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Figure 4.3: Proposed self-supervised monocular depth, pose, and ray surface estimation
framework. Both depth and ray surface decoders share the same encoder backbone, and by com-
bining the predicted depth map D̂t with the predicted ray surface Q̂t, we are able to perform the
view synthesis necessary for self-supervised learning.

is non-di�erentiable, which precludes its use in an end-to-end learning-based setting. We describe

solutions to each of these issues below, that in conjunction enable the simultaneous learning of

depth, pose and our proposed neural ray surface in a fully self-supervised monocular setting.

Softmax Approximation To project the 3D pointsPt onto context image Ic, we need to �nd

for each Pj ∈ Pt the corresponding pixel pi ∈ Ic with surface ray Q̂i closest to the direction

rc→j = Pj . Taking the dot product of each direction rc→j with each ray vector Q̂i, we obtain

a (H ×W )2 tensor M where each coe�cient Mij = 〈Q̂i , rc→j〉 = M(pi,Pj) represents the

similarity between Q̂i and rc→j . With this notation, projection for our proposed neural ray surface

is given by selecting the i∗ index for each Pj with:

i∗ = argmax
i

M(pi,Pj) (4.3.3)
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To make this projection operation di�erentiable, we substitute argmax with a softmax with tem-

perature τ , thus obtaining a new tensor M̃ de�ned as:

M̃(pi,Pj) =
exp(M(pi,Pj)/τ)

(
∑

i exp(M(pi,Pj)/τ))
(4.3.4)

We anneal the temperature over time during training, so that the tensor approaches approximately

one-hot for each pixel. We obtain the 2D-3D association used for projection by multiplying with a

vector of pixel indices. Thus, projection can now be implemented in a fully di�erentiable way using

STNs [85].

Residual Ray Surface Template In the structure-from-motion setting, learning a randomly

initialized ray surface is similar to learning 3D scene �ow [132], which is a challenging problem when

no calibration is available, particularly when considering self-supervision [133, 134]. To avoid this

random initialization, we can instead learn a residual ray surface Q̂r, that is added to a �xed ray

surface template Q0 to produce Q̂ = Q0 + λrQ̂r. The introduction of this template allows the

injection of geometric priors into the learning framework, since if some form of camera calibration

is known – even if only an approximation – we can generate its corresponding ray surface, and

use it as a starting point for further re�nement using the learned ray surface residual. If no such

information is available, we initialize a pinhole template based on approximate “default” calibration

parameters, unprojecting a plane at a �xed distance and normalizing its surface.

For stability, we start training only with the template Q0 and gradually introduce the residual

Q̂r, by increasing the value of λr. We �nd that this pinhole prior signi�cantly improves training

stability and convergence speed even in a decidedly non-pinhole setting (i.e., catadioptric cameras).

Predicting ray surface residuals on a per-frame basis allows for training on multiple datasets (with

images obtained from di�erent cameras) as well as adapting a pre-trained model to a new dataset.

Additionally, there are settings where frame-to-frame variability is expected even with a single

camera (e.g. underwater imaging in a turbid water interface, rain droplets on a lens) but per-frame

prediction may introduce unwanted frame-to-frame variability in settings where we would expect
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a stable ray surface (i.e. all images come from the same camera). In the experiments section we

evaluate the stability of ray surface predictions for a converged KITTI model, and �nd minimal

frame-to-frame variability.

Patch-Based Data Association In the most general version of our proposed neural ray surface

model, rays at each pixel are independent and can point in completely di�erent directions.

Because of that, Equation 4.3.3 requires searching over the entire image, which quickly becomes

computationally infeasible at training time even for lower resolution images, both in terms of speed

and memory footprint. To alleviate such heavy requirements, we restrict the optimal projection

search (Equation 4.3.4) to a small h × w grid in the context image Ic surrounding the (u, v)

coordinates of the target pixel pt. The motivation is that, in most cases, camera motion will be

small enough to produce correct associations within this neighborhood, especially when using

the residual ray surface template described above. To further reduce memory requirements, the

search is performed on the predicted ray surface at half-resolution, which is then upsampled using

bilinear interpolation to produce pixel-wise estimates. At test-time none of these approximations

are necessary, and we can predict a full-resolution ray surface directly from the input image.

4.4 Experiments

In this section we demonstrate that our proposed neural ray surface model can be trained without

any architectural changes on datasets containing video sequences captured with a variety of di�erent

cameras, while still achieving competitive results with other methods that rely on pre-calibrated or

learned pinhole models.

To that end, we evaluate our framework on the standard recti�ed KITTI benchmark, a �sheye

dataset (Multi-FOV) for depth evaluation and a catadioptric dataset (OmniCam) for visual odome-

try evaluation. We then discuss our experiments on two challenging datasets, an internal dashboard

camera sequence and an underwater cave sequence.
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(a) Pinhole (KITTI)

(b) Fisheye (Multi-FOV)

(c) Catadioptric (OmniCam)

Figure 4.4: Qualitative depth estimation results for di�erent camera geometries using our
proposed NRS model. Note that all these results were obtained using the same architecture and
hyper-parameters (Figure 6.2a); the only modi�cation are the sequences used for training and
inference.
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4.4.1 Datasets

We evaluate NRS on the KITTI depth and odometry benchmarks, and on the OmniCam odometry

data. For more information on these datasets, please refer to Section 2.3.1.

• KITTI [53]. KITTI images are recti�ed, so we use this dataset to show that our proposed

NRS model does not degrade results when the pinhole assumption is still valid.

• Multi-FOV [56]. To our knowledge, this dataset provides the only �sheye sequence with

ground-truth depth maps, and it serves as a test of our model on �sheye cameras.

• OmniCam [135]. From OmniCam, we are particularly interested in the ground truth odom-

etry sequence (given the lack of ground-truth depth maps).

4.4.2 Implementation Details

Our models were implemented using Pytorch [119] and trained across eight V100 GPUs. To highlight

the �exibility of our proposed framework, all experiments used the same training hyper-parameters:

Adam optimizer [82], with β1 = 0.9 and β2 = 0.999; batch size of 4 with learning rate of 2 · 10−4

for 20 epochs; the previous t− 1 and subsequent t+ 1 images are used as temporal context; color

jittering and horizontal �ipping as data augmentation; SSIM weight of α = 0.85; and depth

smoothness weight of λd = 0.001.

Furthermore, we used 41× 41 patches for ray surface data association during projection. The

ray surface template Q0 was initialized from a pinhole camera model with fx = cx = W/2 and

fy = cy = H/2, increasing λr from 0 to 1 over the course of 10 epochs. For the depth network, we

experiment with two alternatives: a simpler ResNet architecture described by Godard et al. [13] and

a more complex PackNet architecture described by Guizilini et al. [9]. For the pose network, we use

the standard variant introduced by Zhou et al. [136] without the explainability mask.
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4.4.3 Depth Evaluation

For depth estimation, we evaluate our framework on datasets containing pinhole (KITTI) and

�sheye (Multi-FOV) cameras. Qualitative depth results for these datasets, and for OmniCam1, are

shown in Figure 4.4.

KITTI We evaluate our framework on a recti�ed, close-to-pinhole dataset as a sanity check on our

model to answer the question: is ray surface prediction comparable to predicting pinhole intrinsics

when the projection model is known to be approximately pinhole?

To this end, we perform the following ablation studies, as shown in Table 1: PH −K , where

NRS is used with only a pinhole template initialized from known intrinsics;RS −K , where a ray

surface network is learned with a pinhole template initialized from known intrinsics; andRS − L,

where a ray surface network is learned with a pinhole template initialized from dummy intrinsics

(fx = cx = W/2 and fy = cy = H/2).

The results in Table 1 suggest that, even though our framework is much more �exible, it still

achieves competitive results with the recent “in the wild” self-supervision framework of [4]. In

fact, our experiments showed small improvements when the ray surface model was used instead

of the pinhole model, most likely due to small calibration and recti�cation errors that our neural

framework is able to model accurately. Additionally, we hypothesize that, because the same encoder

has to learn both depth and camera features, our framework bene�ts from a larger number of

learned parameters, which is corroborated by the signi�cant improvement obtained by the PackNet

architecture. Like the pinhole prediction baseline in [4], our ray surface network operates on a

per-frame basis. We measured the stability of the converged NRS-ResNet model by computing the

coe�cient of variation (a measure of dispersion) across the test set for KITTI, �nding it to be less

than 2.5%, showing that the predicted surface is very stable frame to frame.
1Projected depth maps were not available for a quantitative depth evaluation of OmniCam.
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Method Camera Abs Rel↓ Sq Rel↓ RMSE↓ δ1.25 ↑
Gordon [4] K 0.129 0.982 5.230 0.840
Gordon [4] L 0.128 0.959 5.230 0.845
NRS-ResNet PH −K 0.137 0.969 5.377 0.821
NRS-ResNet RS −K 0.137 0.987 5.337 0.830
NRS-ResNet RS − L 0.134 0.952 5.263 0.832
NRS-PackNet RS − L 0.127 0.667 4.049 0.843

Table 4.1: Quantitative depth evaluation for di�erent methods on the KITTI dataset, for
distances up to 80m. In the Camera column,PH indicates a pinhole template andRS a ray surface
network, with K representing known parameters and L learned parameters. We compare with
another method that proposes the simultaneous learning of pinhole camera parameters [4].

Multi-FOV Using the �sheye sequence in Multi-FOV, we compare NRS to the standard pinhole

model for self-supervised depth estimation. This dataset deviates signi�cantly from the pinhole

assumption, and we can see in Table 4.2 that the our Neural Ray Surface-based model leads to a

substantial improvement over the standard pinhole model: from 0.441 absolute relative error down

to 0.225, a decrease of 51%. These results demonstrate that NRS is �exible enough to adapt to

both pinhole (KITTI) and �sheye geometries (Multi-FOV) without any hyper-parameter changes.

Model Abs Rel↓ Sq Rel↓ RMSE↓ δ1.25 ↑
Pinhole 0.441 4.211 7.352 0.336

NRS-ResNet 0.225 1.165 4.848 0.593

Table 4.2: Quantitative depth evaluation on the Multi-FOV dataset, for distances up to 80m
using NRS-ResNet.

4.4.4 Visual Odometry

Real-world driving sequences for autonomous driving applications are captured with a wide variety

of cameras, and a recent work [56] showed that large �eld-of-view cameras bene�t traditional visual

odometry methods, thanks to their ability to track more features across frames.

To this end, in addition to KITTI, we also evaluate our proposed framework on the OmniCam

dataset, containing catadioptric images that give a full 360◦ �eld-of-view around the vehicle. To

the best of our knowledge, NRS is the �rst self-supervised monocular method able to learn visual
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Figure 4.5: Predicted trajectory for the �rst 2000 frames of the OmniCam dataset, compared
to the ground truth IMU/GPS trajectory, using NRS-ResNet.

odometry on catadioptric videos.

We plot the predicted trajectory from our pose network on the OmniCam dataset in Figure 4.5,

comparing our predictions to the �rst 2,000 frames of OmniCam GPS/IMU ground truth. Even

though the trajectory experiences global drift—it is worth noting that inference is performed on a

two-frame basis, without loop-closure or any sort of bundle adjustment—it is remarkably accurate

locally, especially given the fact that standard pinhole-based architectures completely diverge when

applied to this dataset. Our NRS-ResNet model achieves an ATE of 0.035 on this dataset, while

the same framework trained with a pinhole projection model produced signi�cantly worse results,

with an ATE of 0.408.

For the KITTI dataset, we adopt the standard evaluation procedure, training on sequences 00-08

and testing on sequences 09 and 10, with the scale alignment procedure introduced in [136]. We

report the 5-snippet ATE metric in Table 4.3, achieving comparable results to calibrated pinhole-

based models, even though we do not require any prior knowledge of the camera system and do not

perform any postprocessing or trajectory correction.
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Seq. 09 Seq. 10
Zhou [12] 0.0210± 0.0170 0.0200± 0.015

Mahjourian [137] 0.0130± 0.0100 0.0120± 0.011

GeoNet [138] 0.0120± 0.0070 0.0120± 0.009

Godard [84] 0.0230± 0.0130 0.0180± 0.014

Struct2Depth [139] 0.0110± 0.0060 0.0110± 0.010

Gordon - known [4] 0.009± 0.0015 0.008± 0.011

Gordon - learned [4] 0.0120± 0.0016 0.0100± 0.010

Gordon - corrected [4] 0.0100± 0.0016 0.007± 0.009

NRS-ResNet 0.0150± 0.0301 0.0103± 0.0073

Table 4.3: Absolute trajectory error (ATE) on the KITTI dataset, over �ve-frame snippets.

4.4.5 Pointcloud Reconstructions

Figure 4.6: Estimated pointclouds for the Multi-FOV (top) and OmniCam (bottom)
datasets. Our NRS framework enables the generation of geometrically accurate pointclouds
from highly distorted images, in a self-supervised monocular setting.

Examples of reconstructed pointclouds using our proposed self-supervised NRS framework are

shown in Figure 4.6, for the Multi-FOV and OmniCam datasets. These pointclouds are produced

by multiplying the predicted depth map with the predicted ray surface. Note how, for Multi-FOV,

we are able to correctly reconstruct straight 3D structures (i.e. buildings and poles) from a highly

distorted image. Similarly, for OmniCam we can reconstruct the entire scene surrounding the

vehicle, generating a 360◦ pointcloud from a single image in a fully self-supervised monocular

setting.
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4.4.6 Challenging Datasets

Datasets for self-supervised depth and ego-motion (mainly composed of street scenes for au-

tonomous driving applications) are usually recti�ed to conform to the pinhole assumption. Thus,

the use of camera models that conform to this assumption is generally adequate and able to produce

accurate predictions. However, there are many settings in which the pinhole assumption is not

appropriate, even when a near-pinhole camera is used.

The generality of NRS allows us to train in settings where a standard parametric model is not

appropriate, without any changes in architecture. In this section, we describe in further detail

experiments on two datasets mentioned in the paper—our internal DashCam dataset and a publicly

available underwater caves dataset.

4.4.6.1 Dashboard Camera

DashCam is an internal dataset containing video sequences taken with a �sheye camera behind a

windshield. This capture setting is not modeled by standard parametric camera models, making it a

good candidate for the application of generic camera models [130]. Furthermore, these images were

heavily compressed to facilitate wireless transmission, which poses an additional challenge for the

self-supervised photometric loss due to texture degradation.

There is no available ground-truth for this dataset, however the camera is calibrated and the

distortion parameters are available. In Figure 4.9 we compare depth maps obtained from training

our NRS model on the raw sequence to depth maps produced by a standard pinhole-based self-

supervised model. We �nd that depth maps produced by the pinhole-based model on the recti�ed

data are qualitatively signi�cantly degraded compared to the NRS-based model trained on raw data.

We attribute this behavior to the recti�cation process, that degrades the information used to

generate appearance-based features for monocular depth estimation. While recti�cation generally

does not signi�cantly a�ect results [53], the presence of compression artifacts and windshield

distortions leads to signi�cant degradation. Our NRS model, on the other hand, does not require
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any recti�cation and therefore is able to use raw image information, leading to more accurate depth

estimation even under such conditions.

(a) Input image (b) Depth map (c) Pointcloud

Figure 4.7: Qualitative depth results on the Underwater Caves dataset, using our proposed
NRS model for self-supervised monocular depth and ego-motion estimation.

4.4.6.2 Underwater Caves

Another challenging setting where the standard pinhole model is inappropriate is underwater vision,

where refraction at the camera-water interface renders the standard pinhole model inaccurate [122].

This causes o�-the-shelf structure-from-motion algorithms that rely on the pinhole assumption to

produce inaccurate reconstructions [140]. We tested our proposed NRS model on the Underwater

Caves dataset [141], a challenging visual odometry dataset taken in an underwater cave complex.
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Figure 4.8: Predicted trajectory on theUnderwater Caves dataset (last 2000 frames), obtained
by accumulating predicted poses on a two-frame basis. Predicted trajectory scale obtained from
ground truth scale.

The dataset is relatively limited in size (10k frames) and includes a variety of extremely challenging

environments (low lamp illumination in a dark underwater cave, large levels of turbidity, etc.).

Unsurprisingly, our baseline with a pinhole camera model [13] fails to learn meaningful depth and

ego-motion predictors in this setting.

However, our NRS-based model is able to learn reasonable depth and odometry predictions on

this data (see Figure 4.7), despite the fact that this is a challenging setting with many unstructured

objects (rather than the manmade objects and surfaces common in datasets such as KITTI [53] and

NYUv2 [65]). To our knowledge, this is the �rst demonstration of meaningful qualitative depth

estimation for a dataset of natural objects. We also used the pose network to evaluate odometry

predictions compared to the ground truth odometry, achieving an ATE of 0.0415 (see Figure 4.8).

To our knowledge, this is the �rst demonstration of learning-based visual odometry in an underwater

environment. Note that only raw videos were used at training time, without any ground truth or

prior knowledge of camera model.
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(a) Neural Ray Surfaces (b) Pinhole

Figure 4.9: Qualitative depth results on the DashCam dataset. The left column shows raw
RGB images and corresponding depth maps using our proposed Neural Ray Surfaces (NRS) model.
The right column shows recti�ed RGB images and corresponding depth maps using a pinhole
camera model. Note how NRS consistently leads to qualitatively better depth estimates, even
though it uses as input raw unrecti�ed images.

4.4.7 Network Architectures

In Table 4.4 we describe in details the networks used in our experimental evaluation. The depth

network (ResNet and PackNet) receives a single RGB image as input and is composed of a shared

encoder with two decoders: one for depth and one for the ray surface. The pose network (PoseNet)

receives two concatenated RGB images as input, and produces as output the transformation between

frames. Note that our proposed NRS model does not rely on any particular architecture, and others

can be readily incorporated for potential improvements in speed and performance.
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Layer Description K S Out. Dim.
ResidualBlock (K, S)

#A Conv2d � BN � ReLU K 1
#B Conv2d � BN � ReLU K S

UpsampleBlock (#skip)

#C Conv2d � BN � ReLU � Upsample 3 1
#D Conv2d (#C ⊕#skip) � BN � ReLU 3 1

#0 Input RGB image - - 3×H×W

Encoder
#1 Conv2d � BN � ReLU 7 1 64×H×W
#2 Max. Pooling 3 2 64×H/2×W/2
#3 ResidualBlock (x2) 3 2 64×H/4×W/4
#4 ResidualBlock (x2) 3 2 128×H/8×W/8
#5 ResidualBlock (x2) 3 2 256×H/16×W/16
#6 ResidualBlock (x2) 3 2 512×H/32×W/32

Depth Decoder

#7 UpsampleBlock (#5) 3 1 256×H/16×W/16
#8 UpsampleBlock (#4) 3 1 128×H/8×W/8
#9 UpsampleBlock (#3) 3 1 64×H/4×W/4
#10 UpsampleBlock (#2) 3 1 32×H/2×W/2
#11 UpsampleBlock (#1) 3 1 32×H×W
#12 Conv2d � Sigmoid 3 1 1×H×W

Ray Surface Decoder

#13 UpsampleBlock (#5) 3 1 256×H/16×W/16
#14 UpsampleBlock (#4) 3 1 128×H/8×W/8
#15 UpsampleBlock (#3) 3 1 64×H/4×W/4
#16 UpsampleBlock (#2) 3 1 32×H/2×W/2
#17 UpsampleBlock (#1) 3 1 32×H×W
#18 Conv2d � Tanh 3 1 3×H×W

(a) Depth/Ray Surface Network (ResNet) [13].

Layer Description K S Out. Dim.

ResidualBlock (K, S)
#A Conv2d � GN � ELU K 1
#B Conv2d � GN � ELU K 1
#C Conv2d � GN � ELU � Dropout K S

UpsampleBlock (#skip)
#D Unpacking 3 1
#E Conv2d (#D ⊕#skip) � GN � ELU 3 1

#0 Input RGB image - - 3×H×W

Encoder
#1 Conv2d � GN � ELU 5 1 64×H×W
#2 Conv2d � GN � ELU � Packing 7 1 64×H×W
#3 ResidualBlock (x2) � Packing 3 1 64×H/4×W/4
#4 ResidualBlock (x2) � Packing 3 1 128×H/8×W/8
#5 ResidualBlock (x3) � Packing 3 1 256×H/16×W/16
#6 ResidualBlock (x3) � Packing 3 1 512×H/32×W/32

Depth Decoder
#7 UpsampleBlock (#5) 3 1 512×H/16×W/16
#8 UpsampleBlock (#4) 3 1 256×H/8×W/8
#9 UpsampleBlock (#3) 3 1 128×H/4×W/4
#10 UpsampleBlock (#2) 3 1 64×H/2×W/2
#11 UpsampleBlock (#1) 3 1 64×H×W
#12 Conv2d � Sigmoid 3 1 1×H×W

Ray Surface Decoder
#13 UpsampleBlock (#5) 3 1 512×H/16×W/16
#14 UpsampleBlock (#4) 3 1 256×H/8×W/8
#15 UpsampleBlock (#3) 3 1 128×H/4×W/4
#16 UpsampleBlock (#2) 3 1 64×H/2×W/2
#17 UpsampleBlock (#1) 3 1 64×H×W
#18 Conv2d � Tanh 3 1 3×H×W

(b) Depth/Ray Surface Network (PackNet) [9].

Layer Description K S Out. Dim.
#0 Input 2 RGB images - - 6×H×W

#1 Conv2d � GN � ReLU 3 2 16×H/2×W/2
#2 Conv2d � GN � ReLU 3 2 32×H/4×W/4
#3 Conv2d � GN � ReLU 3 2 64×H/8×W/8
#4 Conv2d � GN � ReLU 3 2 128×H/16×W/16
#5 Conv2d � GN � ReLU 3 2 256×H/32×W/32
#6 Conv2d � GN � ReLU 3 2 256×H/64×W/64
#7 Conv2d � GN � ReLU 3 2 256×H/128×W/128
#8 Conv2d 1 1 6×H/128×W/128

#9 Global Pooling - - 6

(c) Pose Network [136].

Table 4.4: Neural network architectures used in our proposed NRS framework, for the joint
self-supervised learning of depth, pose and ray surfaces from monocular images. The depth network
outputs 1 × H × W tensors with predicted inverse depth values, that are scaled between the
minimum and maximum depth ranges. The ray surface network outputs 3 × H ×W tensors,
that are normalized to produce unitary vectors. The pose network outputs a 6-dimensional vector,
representing (x, y, z) translation and (roll, pitch, yaw) Euler angles. BN stands for Batch Nor-
malization [5], GN for Group Normalization [6], Dropout is described in [7], Upsample doubles
spatial dimensions using bilinear interpolation, ReLU are Recti�ed Linear Units and ELU are
Exponential Linear Units [8]. The symbol⊕ indicates feature concatenation.
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4.5 Discussion

Our experiments demonstrate that NRS achieves comparable results to the standard pinhole-model

based architectures on near-pinhole data, while also enabling for the �rst time self-supervised depth

and pose learning on challenging “in the wild” non-pinhole datasets (such as the catadioptric

OmniCam dataset).

(a) Pinhole (KITTI) (b) Catadioptric (OmniCam)

Figure 4.10: Learned KITTI and OmniCam ray surfaces, visualized as unitary 3D vectors for
sub-sampled pixels (perspective and side view). Rays are colored by their directions for clarity. Note
that NRS is able to adjust the ray surface on a per-pixel level in order to learn a projection model for
two very di�erent camera geometries.

OmniCam is particularly challenging because catadioptric image formation is substantially

di�erent from the pinhole projection model. Figure 4.10 visualizes the learned KITTI pinhole ray

surface compared to the learned OmniCam catadioptric ray surface—both learned with the same

architecture. The �exibility of NRS allows per-pixel updates to the pinhole template, learning ray

surfaces that facilitate depth and ego-motion estimation for very di�erent ray geometries and �elds

of view.

We also tested the ability of NRS to model ray geometries in two other challenging settings—an

internal dataset consisting of driving sequences taken by a dashboard camera behind a windshield,
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and a publicly-available sequence from an underwater cave environment [141]. In both of these

settings, refraction (for the former, caused by the curved windshield, and for the latter, the water-

camera interface) renders the standard parametric pinhole camera model inappropriate. In fact,

we �nd that a standard pinhole-based self-supervised model trained on a recti�ed variant of these

datasets fails to produce meaningful predictions, while NRS manages to predict reasonable depth

and pose estimates without any changes to its original architecture (an example of depth prediction

on the underwater dataset can be found in Figure 6.1).

4.6 Conclusion

We introduce Neural Ray Surfaces (NRS), a novel self-supervised learning framework capable of

jointly estimating depth, pose, and per-pixel ray surface vectors in an end-to-end di�erentiable

way. Our method can be trained on raw unlabeled videos captured from a wide variety of cam-

era geometries without any calibration or architectural modi�cation, thus broadening the use of

self-supervised learning in the wild. We experimentally show on three di�erent datasets that our

methodology can tackle visual odometry and depth estimation on pinhole, �sheye, and catadioptric

cameras without any architecture modi�cations.
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Chapter 5

Learning Multi-Camera Monodepth

I am always surprised when I see
several cameras, a gaggle on lenses,
�lters, meters, et cetera, rattling
around in a soft bag with a com-
plement of refuse and dust. Some-
times the professional is the worst of-
fender!

Ansel Adams.

Self-supervised depth estimation architectures are largely restricted to the monocular or recti�ed

stereo setting, capturing only a small fraction of the scene around the vehicle. Thus far, we have

investigated how to expand the class of cameras that can be used for self-supervised learning, but

we have maintained the restriction of monocular cameras for training. In this chapter, we extend

monocular self-supervised depth and ego-motion estimation to large-baseline multi-camera rigs.

Using generalized spatio-temporal contexts, pose consistency constraints, and carefully-designed

photometric loss masking, we learn a single network generating dense, consistent, and scale-aware

point clouds that cover the same full surround 360° �eld of view as a typical LiDAR scanner.

We also propose a new scale-consistent evaluation metric more suitable to multi-camera settings.

Experiments on two challenging benchmarks illustrate the bene�ts of our approach over strong
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baselines.

5.1 Introduction

As we have seen in Chapters 3 and 4, self-supervision forms an integral part of modern state-of-the-

art depth estimation architectures. Though recently released datasets contain multi-camera data

that cover the same full 360° �eld of view as LiDAR [61, 9], research has focused on forward-facing

cameras or stereo pairs. In this chapter, we extend self-supervised depth and ego-motion learning

to the general multi-camera setting, where cameras can have di�erent intrinsics and minimally

overlapping regions, as required to minimize the number of cameras on the platform while providing

full 360° coverage. We describe why stereo-based learning techniques do not apply in this setting,

and show that batching cameras independently does not e�ectively leverage all information available

in a multi-camera dataset.

We propose instead to leverage cross-camera temporal contexts via spatio-temporal photometric

constraints to increase the amount of overlap between cameras thanks to the system’s ego-motion.

By exploiting known extrinsics between cameras, and enforcing pose consistency constraints to ensure

all cameras follow the same rigid body motion, we are able to learn scale-aware models without any

ground-truth depth or ego-motion labels. Furthermore, our multi-camera constraints enable the

prediction of consistent point clouds across images, as re�ected in our proposed shared median-

scaling evaluation protocol. Finally, we �nd that masking out non-overlapping and self-occluded

areas during photometric loss calculation has a drastic impact on performance.

In summary, our contributions are as follows:

• We demonstrate, for the �rst time, self-supervised learning of scale-aware and consistent

depth networks in wide-baseline multi-camera settings, which we refer to as Full Surround

Monodepth (FSM).

• We introduce key techniques to extend self-supervised depth and ego-motion learning to wide-
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Figure 5.1: Consistent scale-aware Full Surround Monodepth (FSM) pointcloud from multi-
ple cameras.

baseline multi-camera systems: multi-camera spatio-temporal contexts and pose consistency

constraints, as well as study the impact of non-overlapping and self-occlusion photometric

masking in this novel setting.

• We ablate and show the bene�ts of our proposed approach on two publicly available multi-

camera datasets: DDAD [9] and nuScenes [61], achieving state-of-the art results by a wide

margin.
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5.2 Related Work

Learning with Stereo Supervision. Depth estimation from a recti�ed stereo pair is a classical

task in computer vision [142, 41]. In this setting, the 2D matching problem is greatly simpli�ed

to a 1D disparity search. In recent years, supervised stereo depth estimation methods [143], as

well as self-supervised techniques [84], have emerged as competitive learning-based approaches

to this task. Self-supervised methods take advantage of recti�ed stereo training data with large

overlap to train a disparity estimation network. Our proposed method is intended for multi-camera

con�gurations with very large baselines (and thus minimal image overlap) where stereo recti�cation,

and by extension disparity estimation, is not feasible.

Omnidirectional Depth Estimation. A popular approach to 360° depth estimation is through

equirectangular or omnidirectional images [144, 145, 146]. These methods operate on panoramic

images to estimate depth, either monocular or through stereo [147]. For robotics tasks, these images

su�er from major disadvantages as a visual representation: (1) annotated datasets generally consist

of perspective images, making transfer di�cult; (2) specialized architectures are necessary; and (3)

network training is limited by GPU memory, so resolution must be sacri�ced to train using images

with such a large �eld of view.

In Chapter 4, we produce 360° point clouds using (monocular) catadioptric omnidirectional

images. However, the resolution of catadioptric images drops dramatically at range, while our

proposed approach in this chapter generates much higher resolution pointclouds using systems of

perspective cameras. Recently, a multi-camera training architecture has been proposed for �sheye

cameras [148]; however, this work does not include cross-camera geometric consistency constraints

and the training data is not available for comparison.

Deep Multi-view Stereo. Our multi-camera setting is related to the multi-view stereo (MVS)

learning literature, which are generally supervised approaches where learned matching allows a

network to predict matching cost-volumes [149, 150]. Khot et al. [151] relax the supervision re-

quirements and propose a self-supervised MVS architecture, taking insights from self-supervised
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monocular depth estimation and using a photometric loss. However, their proposed setting as-

sumes a large collection of images surrounding a single object with known relative pose and large

overlap for cost volume computation, and is thus very di�erent from our setting—our architecture

is designed to work with image sequences from any location and with arbitrarily small overlapping

between cameras.

5.3 Methodology

Please refer to Section 2.3.4 for an introduction to single camera monocular self-supervised depth

and ego-motion learning. In this section, we extend the description to our multi-camera setting and

detail our three technical contributions.

5.3.1 Multi-Camera Spatio-Temporal Contexts

Multi-camera approaches to self-supervised depth and ego-motion are currently restricted to the

stereo setting with recti�ed images that enable predicting disparities [84], which are then converted

to depth through a known baseline. Although methods have been proposed that combine stereo

and monocular self-supervision [88, 152], directly regressing depth also from stereo pairs, these

still assume the availability of highly-overlapping images, from datasets such as KITTI [46]. Our

proposed approach di�ers from the stereo setting in the sense that it does not require stereo-rectified

or highly-overlapping images, but rather is capable of exploiting small overlaps (as low as 10%)

between cameras with arbitrary locations as a way to both improve individual camera performance

and generate scale-aware models from known extrinsics. Multi-camera rigs with such low overlap

are common, e.g., in autonomous driving as a cost-e�ective solution to 360° vision [61, 9].

LetCi andCj be two cameras with extrinsics Xi and Xj , and intrinsics Ki and Kj . Denoting

the relative extrinsics as Xi→j and abbreviating φi(p, d̂) = φ(p, d̂,Ki) and πi(P) = π(P,Ki),

we can use Equation 2.3.1 to warp images from these two cameras:
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p̂i = πj
(
Ri→jφi(pi, d̂i) + ti→j

)
(5.3.1)

Note that the above equation is purely spatial, since it warps images between di�erent cameras

taken at the same timestep. Conversely, Equation 2.3.1 is purely temporal, since it is only concerned

with warping images from the same camera taken at di�erent timesteps.

Therefore, for any given cameraCi at a timestep t, a context image can be either temporal (i.e.,

from adjacent frames t − 1 and t + 1) or spatial (i.e., from any camera j that overlaps with i).

This allows us to further generalize the concept of “context image” in self-supervised learning to

also include temporal contexts from other overlapping cameras. This is done by warping images

between di�erent cameras taken at di�erent timesteps using a composition of known extrinsics

with predicted ego-motion:

p̂ti = πj
(
Ri→j

(
R̂t→c
j φj(p

t
j, d̂

t
j) + t̂t→cj

)
+ ti→j

)
(5.3.2)

A diagram depicting such transformations can be found in Figure 5.2, and Figure 5.3 shows

examples of warped images and corresponding photometric losses using the DDAD dataset [9].

Particularly, the �fth and sixth rows show examples of multi-camera photometric losses using

purely spatial contexts (Equation 5.3.1) and our proposed spatio-temporal contexts (Equation 5.3.2).

As we can see, spatio-temporal contexts (STC) promote a larger overlap between cameras and smaller

residual photometric loss, due to occlusions and changes in brightness and viewpoint. This improved

photometric loss leads to better self-supervision for depth and ego-motion learning in a multi-camera

setting, as validated through our experiments.

5.3.2 Multi-Camera Pose Consistency Constraints

Beyond cross-camera constraints due to image overlap, there are also natural pose constraints due

to the fact that all cameras are rigidly attached to a single vehicle (i.e., relative camera extrinsics

are constant and �xed). Speci�cally, the pose network is used to predict independent poses for
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Figure 5.2: Multi-camera spatio-temporal transformation matrices. Solid cameras are target
(current frames), and dotted cameras are context (adjacent frames). Spatial transformations (Xi→1)
are obtained from known extrinsics, and temporal transformations (X̂t→c

i ) from the pose network.

each camera, even though they should correspond to the same transformation, just in a di�erent

coordinate frame. For a given camera i, the pose network predicts its transformation X̂t→t+1
i from

the current frame t to the subsequent frame t+ 1. In order to obtain predictions from di�erent

cameras that are in the same coordinate frame, we transform this prediction to the coordinate frame

of a “canonical” cameraCj . We denote X̂t→t+1
i inCj coordinates as X̃t→t+1

i .

To convert a predicted transformation X̂t→t+1
i from the coordinate frame of cameraCi to camera

Cj , we can use the extrinsics Xi and Xj to generate X̃t→t+1
i as follows:

X̃t→t+1
i = X−1j XiX̂

t→t+1
i X−1i Xj (5.3.3)

where X̃t→t+1
i =

(
R̃t→t+1

i t̃t→t+1
i

0 1

)
. As a convention, we convert all predicted transformations to

the coordinate frame of the front cameraC1. Once all predictions are in the same coordinate frame,

we constrain the translation vectors t and rotation matrices R to be similar across all cameras.

Translation. We constrain all predicted translation vectors to be similar to the prediction for the

front camera, which generally performs best across all experiments. De�ning the predicted front
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Figure 5.3: Examples of spatial and temporal image warping on the DDAD dataset (camera
colors from Figure 6.1, clockwise). First row: Input RGB images. Second and third rows:
Synthesized views from temporal contexts (Equation 2.3.1) and photometric losses. Fourth and
�fth rows: Synthesized views from surrounding cameras (Equation 5.3.1), and photometric losses
using only spatial contexts. Sixth row Photometric losses using our proposed spatio-temporal
contexts. By also leveraging temporal contexts during cross-camera photometric warping, we are
able to generate larger overlapping areas between images, as well as a smaller residual photometric
error (darker colors) for optimization.

camera translation vector as t̂t+1
1 , forN cameras the translation consistency loss is given by:

tloss =
N∑
j=2

‖t̂t+1
1 − t̃t+1

j ‖2 (5.3.4)

Rotation. Similarly, we want to constrain other cameras to predict a rotation matrix similar to the

front camera. To accomplish that, once the predictions are in the same coordinate frame we convert

them to Euler angles (φi, θi, ψi) and calculate the rotation consistency loss such that:

Rloss =
N∑
j=2

‖φ̂1 − φ̃j‖2 + ‖θ̂1 − θ̃j‖2 + ‖ψ̂1 − ψ̃j‖2 (5.3.5)
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Similar to the trade-o� between rotation losses and translation loss in the original PoseNet [30, 153],

we trade o� between the two constraints by de�ningLpcc = αttloss + αrRloss , where αt and αr

are weight coe�cients.

5.3.3 The Importance of Masks

The photometric loss, as used for self-supervised monocular depth and ego-motion learning, has

several assumptions that are not entirely justi�ed in real-world scenarios. These include the static

world assumption (violated by dynamic objects), brightness constancy (violated by luminosity

changes), and dense overlap between frames (violated by large viewpoint changes). Although several

works have been proposed to relax some of these assumptions [4], more often than not methods

are developed to mask out those regions [88], to avoid spurious information from contaminating

the �nal model.

In a multi-camera setting there are two scenarios that are particularly challenging for self-supervised

depth and ego-motion learning: non-overlapping areas, due to large changes in viewpoint between

cameras, and self-occlusions, due to camera positioning that results in the platform (i.e., ego-vehicle)

partially covering the image. Here we describe how our proposed approach addresses each of these

scenarios. The �nal masked photometric loss used during training takes the form:

Lmp(It, Ît) = Lp(It, Ît)�Mno �Mso (5.3.6)

where� denotes element-wise multiplication, andMno andMso are binary masks respectively for

non-overlapping and self-occluded areas, as described below.

Non-Overlapping Areas We generate non-overlapping area masks by jointly warping with each

context image a unitary tensor of the same spatial dimensions, using nearest-neighbor interpolation.

The warped tensor is used to mask the photometric loss, thus avoiding gradient backpropagation in

areas where there is no overlap between frames. Note that this unitary warping also uses network
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predictions, and therefore is constantly updated at training time. This is similar to the motion

masks described in Mahjourian et al. [137], however here we extend this concept to a spatio-temporal

multi-camera setting. Figure 5.3 shows examples of spatial and temporal non-overlapping masks on

the DDAD dataset, with a trained model. As expected, temporal contexts have a large amount of

frame-to-frame overlap (> 90%), even considering side-pointing cameras. Spatial context overlaps,

on the other hand, are much smaller (10–20%), due to radically di�erent camera orientations.

Self-Occlusions A common technique in self-supervised learning is the “auto-mask” procedure,

which �lters out pixels with a synthesized reprojection error higher than the original source im-

age [88]. This mask particularly targets the “in�nite depth problem”, which occurs when scene

elements move at the same speed as the vehicle, causing zero parallax and thus an in�nitely-far away

depth estimate for that region. However, this technique assumes brightness constancy, and the

self-occlusions created by the robot (or car) body are often highly specular (Figure 5.4a), especially

in the case of modern passenger vehicles.

Using a network with auto-masking enabled, specular self-occlusions create serious errors in

the depth predictions, as shown in Figure 5.4c. We propose a simpler approach, consisting of

creating manual masks for each camera (this needs only to be done once, assuming that the extrinsics

remain constant). As shown in Figure 5.4d, and ablated in experiments, the introduction of these

self-occlusion masks results in a substantial improvement in overall performance, to the point

of enabling self-supervised depth and ego-motion learning under these conditions. Interestingly,

self-occluded areas in the predicted depth maps are correctly “inpainted" to include the hidden

ground plane. We posit that this is due to multi-camera training, in which a region unoccluded in

one camera can be used to resolve self-occlusions in other viewpoints.
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(a) Input RGB image. (b) Self-occlusion mask.

(c) Without self-occlusion masking. (d) With self-occlusion masking.

Figure 5.4: Impact of self-occlusion masks on depth estimation on the DDAD dataset. These
masks remove self-occluded regions from the self-supervised photometric loss, enabling easier
optimization (lower loss, cf. Figure 5.3) and better generalization (e.g., on the ground plane).

5.4 Experiments

5.4.1 Datasets

Traditionally, self-supervised depth and ego-motion learning uses monocular sequences [12, 88, 4, 9]

or recti�ed stereo pairs [88] from forward-facing cameras in the KITTI [46] dataset. Recently,

several datasets have been released with synchronized multi-camera sequences that cover the entire

surrounding of the ego-vehicle [61, 9]. We focus on these datasets (DDAD and nuScenes) for our

experiments, showing that our proposed approach, FSM, produces substantial improvements across

all cameras. For more information on these datasets, please refer to Section 2.3.1.

• KITTI [46]. KITTI only contains forward-facing stereo pairs, so here it serves as a sanity

check—we show that FSM accommodates the special case of high-overlapping recti�ed

images, achieving competitive results with stereo methods.
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• DDAD [9]. The DDAD dataset is the main focus of our experiments, since it contains six

cameras with relatively small overlap and highly accurate dense ground-truth depth maps for

evaluation. We show that, by jointly training FSM on all cameras, we considerably improve

results and establish a new state of the art on this dataset by a large margin.

• nuScenes [61]. nuScenes is a challenging dataset for self-supervised depth estimation because

of the relatively low resolution of the images, very small overlap between the cameras, high

diversity of weather conditions and time of day, and unstructured environments. Thus, so

far it has only been used as a dataset for depth evaluation [9]. We show that FSM is robust

enough to overcome these challenges and substantially improve results relative to the baseline.

5.4.2 Training Protocol

Our models were implemented using PyTorch [119] and trained across eight V100 GPUs.1 To

highlight the �exibility of our proposed framework, all experiments used the same training hyper-

parameters: Adam optimizer [82], with β1 = 0.9 and β2 = 0.999; batch size of 4 per GPU for

single camera and 6 per GPU for multi-camera (all images from each sample in the same batch);

learning rate of 2 · 10−4 for 20 epochs; the previous t− 1 and subsequent t+ 1 images are used

as temporal context; color jittering and horizontal �ipping as data augmentation; SSIM weight of

α = 0.85; and depth smoothness weight of λd = 0.001. We also used coe�cients λs = 0.1 and

λt = 1.0 to weight spatial and temporal losses respectively.

5.4.3 Multi-Camera Depth Evaluation Metrics

Our approach is scale-aware, due to its use of known extrinsics to generate metrically accurate

predictions. In contrast, existing self-supervised monocular depth and ego-motion architectures

learn up-to-scale models, resorting to median-scaling at test time in order to compare depth predic-

tions against the (scaled) ground truth. Median scaling “borrows” the true scale of ground truth
1Training and inference code is available in the packnet repo.

87

http://github.com/tri-ml/packnet-sfm


(a) Monocular photometric loss (Abs Rel 0.211/0.241)

(b) Spatio-temporal photometric loss (Abs Rel 0.201/0.207)

Figure 5.5: Multi-camera pointcloud alignment on DDAD using (a) the standard monocular
photometric loss, and (b) our proposed spatio-temporal photometric constraints. We also report
per-frame and shared median-scaling Abs Rel results (average of all cameras, see Table 5.3 for more
details).

by multiplying each depth estimate by med(Dgt)

med(Dpred)
, where med is the median operation andDgt and

Dpred are ground-truth and predicted depth maps. This scaling enables quantitative evaluation, but

requires ground truth information at test time, limiting the utility of such methods in real-world

applications.

Furthermore, median-scaling hides certain undesired behaviors, such as frame-to-frame variability

[154]. This is exacerbated in the setting proposed in this chapter, where multiple images are used

to generate a single, consistent pointcloud. If median-scaling is applied on a per-frame basis, the

resulting depth maps will hide any scale discrepancies between camera predictions, which will not

be re�ected in the quantitative evaluation (Figure 5.5). Thus, instead of the standard median-scaling

protocol, we propose to use a single scale factor γ shared by allN considered cameras de�ned as:

γ =
med

(
{D1

gt, · · · , DN
gt }
)

med
(
{D1

pred, · · · , DN
pred}

) (5.4.1)

This is similar to single median-scaling [88], in which the same factor is used to scale predictions

for the entire dataset. In our setting, because multiple images are considered jointly, we instead

produce a shared factor to scale all predictions at that timestep. This forces all predicted depth

maps in the same timestep to have the same scale factor (and thus be relatively consistent), with any
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Method Type Abs Rel↓ Sq Rel↓ RMSE↓ δ1.25 ↑
UnDeepVO [155] S 0.183 1.730 6.570 -
Godard et al. [84] S 0.148 1.344 5.927 0.803
SuperDepth [156] S 0.112 0.875 4.958 0.852
Monodepth2† [88] M 0.115 0.903 4.863 0.877
Monodepth2 [88] S 0.109 0.873 4.960 0.864

Monodepth2 [88] M + S 0.106 0.818 4.750 0.874
FSM M + S 0.108 0.737 4.615 0.872

Table 5.1: Depth estimation results on the KITTI dataset, relative to stereo (S) methods. Even
though FSM (with monocular (M) and multi-camera (S) loss terms) relaxes several stereo assump-
tions, it remains competitive with published methods. The symbol † denotes per-frame median
scaling.

Method Abs Rel↓ Sq Rel↓ RMSE↓ δ1.25 ↑
COLMAP (pseudo-depth) 0.243 4.438 17.239 0.601

Monodepth2† (R18) [88] 0.213 4.975 18.051 0.761
Monodepth2† (R50) [88] 0.198 4.504 16.641 0.781
PackNet† [9] 0.162 3.917 13.452 0.823

FSM† (w/o mask & spatial) 0.184 4.049 17.109 0.735
FSM† (w/o spatial) 0.139 3.023 14.106 0.827
FSM (w/ spatial) 0.135 2.841 13.850 0.832
FSM (w/ spatio-temporal) 0.130 2.731 13.654 0.837

Table 5.2: Quantitative depth evaluation of di�erent methods on the DDAD [9] dataset,
for distances up to 200m on the forward-facing camera. The symbol † denotes per-frame median
scaling.

deviation re�ected in the calculated metrics. In practice, as our method is scale-aware, we report

metrics both with (for comparison with baselines) and without median-scaling.

5.4.4 Stereo Methods

Though our proposed approach is intended for multi-camera rigs with arbitrarily small overlap, it

can also be used without modi�cation on stereo datasets, allowing us to learn depth directly instead

of disparity. In fact, FSM can be seen as a generalization of stereo depth estimation, relaxing the

assumption of fronto-parallel recti�cation. Nevertheless, in Table 5.1 we show that, despite not
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Method Abs.Rel.↓

Front F.Left F.Right B.Left B.Right Back Avg.

Mono† - M 0.184 0.366 0.448 0.417 0.426 0.438 0.380
Mono† 0.139 0.209 0.236 0.231 0.247 0.204 0.211
FSM† 0.131 0.203 0.226 0.223 0.240 0.188 0.202

Mono‡ 0.143 0.238 0.265 0.277 0.276 0.247 0.241
FSM‡ 0.133 0.212 0.229 0.231 0.246 0.194 0.208

FSM - STC 0.133 0.219 0.246 0.252 0.259 0.197 0.218
FSM - PCC 0.131 0.206 0.228 0.238 0.248 0.188 0.207
FSM 0.130 0.201 0.224 0.229 0.240 0.186 0.201

(a) DDAD

Method Abs.Rel.↓

Front F.Left F.Right B.Left B.Right Back Avg.

Mono† 0.214 0.304 0.388 0.314 0.438 0.304 0.327
FSM† 0.198 0.297 0.364 0.301 0.392 0.240 0.299

Mono‡ 0.251 0.403 0.546 0.429 0.616 0.321 0.428
FSM‡ 0.200 0.337 0.448 0.354 0.521 0.267 0.355

FSM - STC 0.208 0.382 0.510 0.393 0.595 0.258 0.391
FSM - PCC 0.187 0.291 0.392 0.311 0.448 0.235 0.311
FSM 0.186 0.287 0.375 0.296 0.418 0.221 0.297

(b) nuScenes

Table 5.3: Depth estimation results on multi-camera datasets, using FSM relative to the single-
camera photometric loss (Mono). The symbol † denotes per-frame median-scaling, and ‡ shared
median-scaling (Eq. 5.4.1). M denotes the removal of masking (Sec. 5.3.3), STC the removal of spatio-
temporal contexts (Sec. 5.3.1), and PCC the removal of pose consistency constraints (Sec. 5.3.2).
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Figure 5.6: Self-Supervised depth estimation results using FSM on the DDAD dataset.

Figure 5.7: Self-Supervised depth estimation results using FSM on the nuScenes dataset.

(a) DDAD (b) NuScenes

Figure 5.8: Predicted pointclouds using FSM on the DDAD and nuScenes datasets. For each
dataset, the same network is used in all six images, predicted depth maps are lifted to 3D using
camera intrinsics and extrinsics, and then combined without any post-processing. As a way to visualize
camera overlapping, we also show projected LiDAR points from adjacent views overlaid on each
RGB image (this information is not used at training or test time).

explicitly taking into consideration the stereo recti�cation on the KITTI dataset, our approach

remains competitive with methods designed speci�cally for this setting.

5.4.5 Single-Camera Methods

Given that the majority of self-supervised monocular depth estimation papers focuses on single-

image sequences with forward-facing cameras, we consider a variety of alternative baselines for our

quantitative evaluation. In particular, we pick two state-of-the-art published methods: monodepth2
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[88], that uses a simpler architecture with a series of modi�cations to the photometric loss calcula-

tion; and PackNet [9], that proposes an architecture especially designed for self-supervised depth

learning. We use results of these methods for the front camera, as reported by Guizilini et al. [9], as

baselines for our method.

We also take inspiration from the “Learning SfM from SfM” work [157, 158] and employ COLMAP [159],

a state-of-the-art structure-from-motion system, on the unlabeled DDAD [9] training split to gen-

erate predicted depth maps, that are then used as pseudo-labels for supervised learning. Note that,

while this approach is also self-supervised, it requires substantially more computation, since it

processes all images from each sequence simultaneously to produce a single reconstruction of the

scene.

The results of these experiments are summarized in Table 5.2. Our masking procedures for

multi-camera training already signi�cantly improve results from the previous state of the art [9]:

from 0.162 to 0.139 absolute relative error (Abs Rel) on the front camera. By introducing spatial

contexts (Equation 5.3.1), we gain a small but nontrivial boost in accuracy (especially for the non-

forward facing cameras), but also learn scale-aware models by leveraging the camera extrinsics. Note

that there is no limitation on the extrinsics transformation, only the assumption of some overlap

between camera pairs (Figure 5.3). Finally, by introducing our proposed spatio-temporal contexts

(Equation 5.3.2) and pose consistency constraints (Section 5.3.2) we further boost performance to

0.130, achieving a new state of the art by a large margin.

5.4.6 Multi-Camera Depth Estimation

We now evaluate FSM depth performance on all cameras of the DDAD and nuScenes datasets,

ablating the impact of our contributions in the multi-camera setting (see Table 5.3).

Photometric Masking As a baseline, we combine images from all cameras into a single dataset,

without considering masking or cross-camera constraints. This is similar to Gordon et al. [4],
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where multiple datasets from di�erent cameras are pooled together to train a single model. As

discussed in Section 5.3.3, the presence of self-occlusions on the DDAD dataset severely degrades

depth performance when masking is not considered, reaching 0.380Abs Rel (average of all cameras)

versus 0.211 when self-occlusion masks are introduced (see Figure 5.4 for a qualitative comparison).

Note that these results are still unscaled, and therefore median-scaling is required at test time for a

proper quantitative evaluation.

Spatio-Temporal Contexts The introduction of our proposed spatio-temporal contexts (STC),

as described in Section 5.3.1, boosts performance on all cameras, from 0.211 to 0.202 (4.5%) on

DDAD and0.327 to0.299 (9.1%) on nuScenes, by leveraging di�erent levels of overlapping between

views. This improvement becomes more apparent when considering our shared median-scaling

evaluation protocol: 0.241 to 0.208 (16.1%) on DDAD and 0.428 to 0.355 (20.6%) on nuScenes.

This is evidence that STC produces more consistent pointclouds across multiple cameras, as ev-

idenced in Figure 5.5 and revealed by our proposed metric. Furthermore, the known extrinsics

between cameras enables the generation of scale-aware models, with minimal degradation from

their median-scaled counterparts: 0.207 versus 0.202 (2.2%) on DDAD and 0.311 vs 0.299 (4.0%

on nuScenes). In this setting, we also evaluated the impact of STC relative to using only spatial and

temporal contexts independently. As expected, there is a noticeable degradation in performance

when spatio-temporal contexts are not considered: 0.206 to 0.218 (5.4%) on DDAD and 0.311 to

0.391 (25.8%) on nuScenes. We hypothesize that degradation on nuScenes is substantially higher

due to an overall smaller overlapping between cameras (Figure 5.8), which will bene�t more from

STC as a way to improve cross-camera photometric losses for self-supervised training (Figure 5.3).

Pose Consistency Constraints Finally, we include the pose consistency constraints (PCC)

described in Section 5.3.2, as a way to enforce the learning of a similar rigid motion for all cameras.

These additional constraints further boost performance, from0.207 to0.201 (2.9%) on DDAD and

0.311 to 0.297 (4.5%) on nuScenes. These improvements are more prominent on the side cameras,

since per-frame pose estimation is harder in these cases due to larger relative motion and smaller

overlap. Interestingly, the combination of all our contributions (masking, spatio-temporal contexts

93



and pose consistency constraints) lead to scale-aware results that surpass median-scaled results.

This is evidence that FSM is capable of generating state-of-the-art metrically accurate models that

are useful for downstream tasks.

5.5 Conclusion

Using cameras for 3D perception to complement or replace LiDAR scanners is an exciting new

frontier for robotics. We have extended self-supervised learning of depth and ego-motion from

monocular and stereo settings to the general multi-camera setting, predicting dense scale-aware

point clouds around the ego-vehicle. We also introduced a series of key techniques that boost

performance in this new setting, by leveraging known extrinsics between cameras: spatial-temporal

contexts, pose consistency constraints, and studied the e�ects of non-overlapping and self-occlusion

masking. In extensive experiments we demonstrated the capabilities of our methods and how they

advance the state of the art.

94



Chapter 6

Learning Depth Fields

The photograph itself doesn’t inter-
est me. I want only to capture a
minute part of reality.

Henri Cartier-Bresson.

In Chapter 5 we generalized monocular depth estimation to multi-camera rigs for training, but

the method we proposed is still in the regime of single-frame inference: multi-view images are

independently processed before accumulated after prediction. In order to incorporate information

across frames, traditional methods rely on building multi-frame aggregation structures like cost

volumes in order to enforce a multi-frame consistency constraint. Hybrid learning-based methods

that rely on cost volumes and epipolar constraints depend on the correctness of such explicit

geometric assumptions, e.g., accurate pose and calibration. Recently, a radically di�erent approach–

encoding geometric priors as inputs to general Transformer architectures–has been successfully used

for tasks such as optical �ow and stereo depth estimation. In this chapter, we introduce DeFiNe, a

novel Transformer-based scene representation method for multi-view depth estimation. We also

propose a series of 3D data augmentation techniques designed to inject key geometric inductive

priors into our learned latent representation. Finally, we show that introducing view synthesis as an

auxiliary task further improves depth estimation. As a result, DeFiNe achieves a new state of the art
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Figure 6.1: Our DeFiNe architecture achieves state of the art in multi-view depth estimation, while
also enabling predictions from arbitrary viewpoints.

in stereo and video depth estimation without explicit geometric constraints. Our method achieves

strong generalization performance, achieving state-of-the-art results in zero-shot domain transfer

by a large margin, pointing to a new and robust inductive bias paradigm for geometric vision.

6.1 Introduction

Estimating 3D structure from a pair of images is a cornerstone problem of computer vision. Tra-

ditionally, this is treated as a correspondence problem, whereby one applies a homography to

stereo-rectify the images, and then matches pixels (or patches) along epipolar lines to obtain dis-

parity estimates. Given su�ciently accurate calibration, this disparity map can be converted into

a per-pixel depth map. Contemporary approaches to stereo are specialized variants of classical

methods, relying on correspondences to compute cost volumes, epipolar losses, bundle adjustment

objectives, or projective multi-view constraints, among others. These are either baked directly into

the model architecture or enforced as part of the loss function.

Applying the principles of classical vision in this way has given rise to architectures that achieve

state-of-the-art results on tasks such as stereo depth estimation [10, 160], optical �ow [161], and

multi-view depth [58]. However, this success comes at a cost: each architecture is specialized and
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purpose-built for a single task, and typically relies on an accurate underlying dataset-speci�c cali-

bration. Though great strides have been made in alleviating the dependence on strong geometric

assumptions [4, 98], two recent trends allow us to decouple the task from the architecture: (i)

implicit representations and (ii) generalist networks. Our work draws upon both of these direc-

tions. Implicit representations of geometry and coordinate-based networks have recently achieved

incredible popularity in the vision community. This direction is pioneered by work on neural

radiance �elds (NeRF) [36, 162], where a point- and ray-based parameterization along with a volume

rendering objective allow simple MLP-based networks to achieve state-of-the-art view synthesis

results. Follow-up works extend this coordinate-based representation to the pixel domain [163],

allowing predicted views to be conditioned on image features.

The second trend in computer vision has been the use of generalist architectures, pioneered by

Vision Transformers [164]. Emerging as an attention-based architecture for NLP, transformers have

been used for a diverse set of tasks, including depth estimation [165, 166], optical �ow [17], and

image generation [167]. Transformers have also been applied to geometry-free view synthesis [168],

demonstrating that attention can learn long-range correspondence between views for 2D-3D tasks.

Scene Representation Transformers (SRT) [169] uses the transformer encoder-decoder model to

learn scene representations for view synthesis from sparse, high-baseline data with no geometric

constraints. However, owing to theO(N2) scaling of the self-attention module, experiments are

limited to low-resolution images and require very long training periods (i.e., millions of iterations

on a large-scale TPU architecture).

To alleviate the quadratic complexity of self-attention, the Perceiver architecture [16] disentangles

the dimensionality of the latent representation from that of the inputs, by �xing the size of the latent

representation. Perceiver IO [17] extends this architecture to allow for arbitrary outputs, with results

in optical �ow estimation that outperform traditional cost-volume based methods. Perceiver IO has

also been recently used for stereo depth estimation [18], replacing traditional geometric constraints

with input-level inductive biases. Building upon these works, we propose to learn a geometric scene

representation for depth synthesis from novel viewpoints, including estimation, interpolation,

and extrapolation. We expand the Perceiver IO framework to the scene representation setting,
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taking sequences of images and predicting a consistent multi-view latent representation e�ective for

downstream tasks. Taking advantage of the query-based nature of the Perceiver IO architecture, we

propose a series of 3D augmentations that increase viewpoint density and diversity during training,

thus encouraging (rather than enforcing) multi-view consistency. Furthermore, we show that the

introduction of view synthesis as an auxiliary task, decoded from the same latent representation,

improves depth estimation without additional ground-truth.

We test our model on the popular ScanNet benchmark [48], achieving state-of-the-art, real-time

results for stereo depth estimation and competitive results for video depth estimation, without

relying on memory- (and compute-) intensive operations such as cost volume aggregation and

test-time optimization. We show that our 3D augmentations lead to signi�cant improvements

over baselines that are limited to the viewpoint diversity of training data. Furthermore, our zero-

shot transfer results from ScanNet to 7-Scenes improve the state-of-the-art by a large margin,

demonstrating that our method generalizes better than specialized architectures, which su�er from

poor performance on out-of-domain data. Our contributions are summarized as follows:

• We use a generalist transformer-based architecture to learn a depth estimator from an arbitrary

number of posed images. In this setting, we (i) propose a series of 3D augmentations that

improve the geometric consistency of our learned latent representation; and (ii) show that

jointly learning view synthesis as an auxiliary task improves depth estimation.

• Our DeFiNe not only achieve state-of-the-art stereo depth estimation results on the

widely used ScanNet dataset, but also exhibit superior generalization properties with state-

of-the-art results on zero-shot transfer to 7-Scenes.

• DeFiNe also enables depth estimation from arbitrary viewpoints. We evaluate this

novel generalization capability in the context of interpolation (between timesteps), and ex-

trapolation (future timesteps).

98



6.2 Related Work

Multi-view Stereo Traditional multi-view stereo approaches have dominated even in the deep

learning era. COLMAP [159] remains the standard framework for structure-from-motion, incorpo-

rating sophisticated bundle adjustment and keypoint re�nement procedures, at the cost of speed.

With the goal of producing closer to real-time estimates, multi-view stereo learning approaches

adapt traditional cost volume-based approaches to stereo [10, 170] and multi-view [11, 150] depth

estimation, often relying on known extrinsics to warp views into the frame of the reference cam-

era. Recently, iterative re�nement approaches that employ recurrent neural networks have made

impressive strides in optical �ow estimation [161]. Follow-on work applies this general recurrent

correspondence architecture to stereo depth [160], scene-�ow [171], and even full SLAM [172].

While their results are impressive, recurrent neural networks can be di�cult to train, and test-time

optimization increases inference time over a single forward pass.

Recently, transformer-based architectures [173] have replaced CNNs in many geometric estima-

tion tasks. The Stereo Transformer [165] architecture replaces cost volumes with a correspondence

approach inspired by sequence-to-sequence modeling. The Perceiver IO [17] architecture constitutes

a large departure from cost volumes and geometric losses. For the task of optical �ow, Perceiver IO

feeds positionally encoded images through a Transformer [16], rather than using a cost volume

for processing. Similar to our work, IIB [18] adapts the Perceiver IO architecture to generalized

stereo estimation. Their main contribution is an epipolar parameterization as additional input-level

inductive biases. We take an alternative approach and propose a series of geometric 3D data aug-

mentation techniques designed to promote the learning of a geometrically-consistent latent scene

representation, as well as using view synthesis as an auxiliary task. We extend Perceiver IO to the

domain of scene representation learning. Our video-based representation (aided by our geometric

augmentations) allows us to generalize to novel viewpoints, rather than be restricted to the stereo

setting.
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Video Depth Estimation Video and stereo depth estimation methods generally produce monoc-

ular depth estimates at test-time. ManyDepth [14] combines a monocular depth framework with

multi-view stereo, aggregating predictions in a cost volume and thus enabling multi-frame inference

at test-time. Recent methods accumulate predictions at train and test time, either with generalized

stereo [174] or with sequence data [175]. DeepV2D [58] incorporates a cost-volume based multi-

view stereo approach with an incremental pose estimator to iteratively improve depth and pose

estimates at train and test time. Another line of work draws on the availability of monocular depth

networks, which perform accurate but multi-view inconsistent estimates at test time [176]. In this

setting, additional geometric constraints are enforced to �netune the network and improve multi-

view consistency through epipolar constraints. Consistent Video Depth Estimation [176] re�nes

COLMAP [159] results with a monocular depth network whose predictions are constrained to be

multi-view consistent. Subsequent work jointly optimizes depth and pose for added robustness

to challenging scenarios with poor calibration [177]. A recently proposed framework incorporates

many of the architectural elements of prior work into a transformer-based architecture that takes

video data as input for multi-view depth [178]. NeuralRecon [179] moves beyond depth-based

architectures to learn TSDF volumes directly as a way to improve surface consistency.

Novel View Synthesis Since the emergence of neural radiance �elds [36], implicit representations

and volume rendering have emerged as the de facto standard for view synthesis. They parameterize

viewing rays and points with positional encoding, and need to be re-trained on a scene-by-scene

basis. Many recent improvements leverage depth supervision to improve view synthesis in a volume

rendering framework [180, 181, 182, 183, 184]. Other works attempts to extend the NeRF approach

beyond single scenes models by incorporating learned features, enabling few-shot volume render-

ing [163]. Feature-based methods have also treated view synthesis as a sequence-learning task, such

as the scene representation transformer (SRT) architecture [169]. While SRT achieves impressive

results, its transformer-based backbone restricts experiments to low-resolution images, and requires

massive amounts of training data and computational resources.

100



(a) Architecture overview.

(b) Image embeddings. (c) Camera embeddings.

Figure 6.2: Overview of our proposed DeFiNe architecture, and the embeddings used to encode
and decode information for depth and view synthesis.

6.3 Methodology

Our proposed DeFiNe architecture (Figure 6.2a) is designed with �exibility in mind, so data from

di�erent sources can be used as input and di�erent output tasks can be estimated from the same

latent space. We use Perceiver IO [16] as our general-purpose transformer backbone. During the

encoding stage, our model takes RGB images from calibrated cameras, with known intrinsics and

relative poses. The architecture processes this information according to the modality into di�erent

pixel-wise embeddings that serve as input to our Perceiver IO backbone. This encoded information

can be queried using only camera embeddings, producing estimates from arbitrary viewpoints.

6.3.1 Perceiver IO

Perceiver IO [17] is a recent extension of the Perceiver [16] architecture. The Perceiver architecture

alleviates one of the main weaknesses of transformer-based methods, namely the quadratic scaling
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of self-attention with input size. This is achieved by using a �xed-sizeNl ×Cl latent representation

R, and learning to project high-dimensional Ne × Ce encoding embeddings onto this latent

representation using cross-attention layers. Self-attention is performed in the lower-dimensional

latent space, producing a conditioned latent representationRc, that can be queried usingNd × Cd
decoding embeddings to generate estimates, again using cross-attention layers.

6.3.2 Input-Level Embeddings

Image Embeddings (Figure 6.2b) Input3×H×W images are processed using a ResNet18 [185]

encoder, producing a list of features maps at increasingly lower resolutions and higher dimensionality.

Feature maps at 1/4 the original resolution are concatenated with lower-resolution feature maps,

after upsampling using bilinear interpolation. The resulting image embeddings are of shapeH/4×

W/4× 960, and are used in combination with the camera embeddings from each corresponding

pixel (see below) to encode visual information.

Camera Embeddings (Figure 6.2c) These embeddings capture multi-view scene geometry (e.g.,

camera intrinsics and extrinsics) as additional inputs during the learning process. Let xij = (u, v)

be an image coordinate corresponding to pixel i in camera j, with assumed known pinhole 3× 3

intrinsics Kj and 4× 4 transformation matrix Tj = [R t
0 1 ] relative to a canonical camera T0. Its

origin oj and direction rij are given by:

oj = −Rjtj , rij =
(
KjRj

)−1
[uij, vij, 1]

T + tj (6.3.1)

We ablate this variation in Table 6.1, showing that it leads to better performance for the task of

depth estimation. These two vectors are then Fourier-encoded dimension-wise to produce higher-

dimensional vectors, with a mapping of:

x 7→
[
x, sin(f1πx), cos(f1πx), . . . , sin(fKπx), cos(fKπx)

]> (6.3.2)
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whereK is the number of Fourier frequencies used (Ko for the origin andKr for the ray directions),

equally spaced in the interval [1, µ
2
]. The resulting camera embedding is of dimensionality 2

(
3(Ko+

1)+3(Kr+1)
)
= 6 (Ko +Kr + 2). During the encoding stage, camera embeddings are produced

per-pixel assuming a camera with 1/4 the original input resolution, resulting in a total of HW
16

vectors.

During the decoding stage, embeddings from cameras with arbitrary calibration (i.e., intrinsics and

extrinsics) can be queried to produce virtual estimates.

6.3.3 Geometric 3D Augmentations

Data augmentation is a core component of deep learning pipelines [186] that improves model

robustness by applying transformations to the training data consistent with the data distribution

in order to introduce desired equivariant properties. In computer vision and depth estimation in

particular, standard data augmentation techniques are usually constrained to the 2D space and

include color jittering, �ipping, rotation, cropping, and resizing [13, 18]. Recent works have started

looking into 3D augmentations [169], in an e�ort to increase robustness to errors in scene geometry,

in terms of camera localization (i.e., extrinsics) and parameters (i.e., intrinsics). Conversely, we are

interested in encoding scene geometry at the input-level, so our architecture can learn a multi-view-

consistent geometric latent scene representation. Therefore, in this section we propose a series of 3D

augmentations to increase the number and diversity of training views while maintaining the spatial

relationship between cameras, thus enforcing desired equivariant properties within this setting.

Virtual Camera Projection One of the key properties of our architecture is that it enables

querying from arbitrary viewpoints, since only camera information (viewing rays) is required at

the decoding stage. When generating predictions from these novel viewpoints, the network creates

virtual information consistent with the implicit structure of the learned latent scene representation,

conditioned on information from the encoded views. We evaluate this capability in Section 6.4.5,

showing superior performance relative to the explicit projection of information from encoded views.

Here, we propose to leverage this property at training time as well, generating additional supervision

in the form of virtual cameras with corresponding ground-truth RGB images and depth maps
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(a) Virtual Camera Projection. (b) Canonical Jittering.

Figure 6.3: Geometric augmentations. (a) Information from camera i is projected onto a virtual
camera at Tv, creating additional supervision from other viewpoints. (b) Noise T ′0 is introduced
to the canonical camera at T0, and then propagated to other cameras to preserve relative scene
geometry.

obtained by projecting available information onto these new viewpoints (Figure 6.3a). This novel

augmentation technique forces the learned latent scene representation to be viewpoint-independent.

Experiments show that this approach provides bene�ts in both the (a) stereo setting, with only two

viewpoints; and (b) video setting, with similar viewpoints and a dominant camera direction.

From a practical perspective, virtual cameras are generated by adding translation noise εv =

[εx, εy, εz]v ∼ N (0, σvI) to the pose of a camera i. The viewing angle is set to point towards the

center ci of the pointcloud Pi generated by unprojecting information from the selected camera,

which is also perturbed by εc = [εx, εy, εz]c ∼ N (0, σvI). When generating ground-truth

information, we project the combined pointcloud of all available cameras onto these new viewpoints

as a way to preserve full scene geometry. Furthermore, because the resulting RGB image and depth

map will be sparse, we can improve e�ciency by only querying at these speci�c locations.

Canonical Jittering When operating in a multi-camera setting, the standard practice [150] is

to select one camera to be the reference camera, and position all other cameras relative to it. One

drawback of this convention is that one camera will always be at the same location (the origin of

its own coordinate system) and therefore will produce the same camera embeddings, leading to

over�tting. Intuitively, scene geometry should be invariant to the translation and rotation of the

entire sensor suite. To enforce this property on our learned latent scene representation, we propose

to inject some amount of noise to the canonical pose itself, so it is not located at the origin of
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the coordinate system anymore. Note that this is di�erent from methods that inject per-camera

noise [187] with the goal of increasing robustness to localization errors. We only inject noise once,

on the canonical camera, and propagate it to other cameras, so relative scene geometry is preserved

within a translation and rotation o�set (Figure 6.3b). However, this o�set is re�ected on the input-

level embeddings produced by each camera, and thus forces the latent representation to be invariant

to these transformations.

From a practical perspective, canonical jittering is achieved by randomly sampling translation

εt = [εx, εy, εz]
> ∼ N (0, σtI) and rotation εr = [εφ, εθ, εψ]

> ∼ N (0, σrI) errors from normal

distributions with pre-determined standard deviations. Rotation errors are in Euler angles, and

are converted to a 3× 3 rotation matrix Rr. These values are used to produce a jittered canonical

transformation matrix T′0 =
[
Rr εt
0 1

]
that is then propagated to all other N cameras, such that

T ′i = T ′0 · Ti, ∀i ∈ {1, . . . , N − 1}.

Canonical Randomization As an extension of canonical jittering, we also introduce canonical

randomization to encourage generalization to di�erent relative camera con�gurations, while still

preserving scene geometry. Assuming N cameras, we randomly select o ∈ {0, . . . , N − 1} as

the canonical index. Then ∀i ∈ {0, . . . , N − 1}, the relative transformation matrix T′i given

world-frame transformation matrix Ti is given by T′i = Ti ·T−1o .

6.3.4 Decoders

We use task-speci�c decoders, each consisting of one cross-attention layer between theNd × Cd
queries and theNl×Cl conditioned latent representationRc, followed by a linear layer that creates

an output of sizeNd × Co, and a sigmoid activation function σ(x) = 1
1+e−x to produce values in

the interval [0, 1]. We set Cd
o = 1 for the depth estimation task, and Cs

o = 3 for view synthesis.

Depth estimates are scaled to lie between a minimum dmin and maximum dmax range. Note that

other decoders can be incorporated with DeFiNe without any modi�cation to the underlying

architecture, enabling the generation of multi-task estimates from arbitrary viewpoints.
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Losses We use an L1-log lossLd = ‖log(dij)− log(d̂ij)‖1 to supervise depth estimation, where

d̂ij and dij are depth estimates and ground-truth, respectively, for pixel j at camera i. For view

synthesis, we use an L2 lossLs = ‖I(pij)− I(p̂ij)‖2, where I(p̂ij) and I(pij) are RGB estimates

and ground-truth, respectively, for pixel j at camera i. We use a weight coe�cient λs to balance

these two losses, and another λv to balance losses from available and virtual cameras. The �nal loss

is of the form:

L = Ld + λsLs + λv
(
Ld,v + λs(Ls,v)

)
(6.3.3)

Note that because our architecture enables querying at speci�c image coordinates, at training time

we can improve e�ciency by not computing estimates for pixels without ground truth (e.g., sparse

depth maps or virtual cameras).

6.4 Experiments

6.4.1 Datasets

For more information on these datasets, please refer to Section 2.3.1.

ScanNet [48] ScanNet is an RGB-D video dataset containing 2.5 million views from around

1500 scenes. It is the primary source of data for our experiments, and we explore two di�erent

settings: stereo and video. For the stereo experiments, we follow the same setting as Kusupati et al. [57]:

we downsample scenes by a factor of 20, and use a custom split to create stereo pairs, resulting in

94212 training and 7517 test samples. For the video experiments, we follow the evaluation protocol

of Teed et al. [58], with a total of 1405 scenes for training. For the test set, we use a custom split to

select 2000 samples from 90 scenes not covered in the training set. Each training sample includes a

target frame and a context of [−3, 3] frames with stride 3. Each test sample includes a pair of frames,

with a context of [−3, 3] relative to the �rst frame of the pair with stride 3.
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Method Abs.Rel↓ RMSE↓ δ1.25↑
DPSNet [150] 0.126 0.314 —
NAS [57] 0.107 0.281 —
IIB [18] 0.116 0.281 0.908

DeFiNe (128× 192) 0.093 0.246 0.911
DeFiNe (240× 320) 0.089 0.232 0.915

(a) Depth estimation results. (b) Virtual depth estimation results.

Figure 6.4: Depth estimation results on ScanNet-Stereo. (a) We outperform contemporary
methods by a large margin. (b) Depth estimation results on virtual cameras using di�erent values
for σv at training and test time.

7-Scenes [59] We also evaluate on the test split of 7-Scenes to measure zero-shot cross-dataset

performance. This dataset, collected through KinectFusion [188], consists of 640× 480 images in 7

settings, with a variable number of scenes in each setting. There are 500–1000 images in each scene.

We follow the evaluation protocol of Sun et al. [179], median-scaling predictions using ground-truth

information before evaluation.

6.4.2 Stereo Depth Estimation

To test the bene�ts our proposed geometric 3D augmentation procedures, we �rst evaluate DeFiNe

on the task of stereo depth estimation. Here, because each sample provides minimal information

about the scene (i.e., only two frames), the introduction of additional virtual supervision should

have the largest e�ect. We report our results in Figure 6.4a and visualize examples of reconstructed

pointclouds in Figure 6.5. DeFiNe signi�cantly outperforms other methods on this dataset, includ-

ing IIB [18], which uses a similar Perceiver IO backbone and direct depth regression. Unlike IIB,

which employs epipolar cues as additional input-level inductive biases, our approach focuses on

generating additional virtual supervision in order to build a scene representation that encourages

multi-view consistency, leading to a large (20%) relative improvement.
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Variation Lower is better ↓ Higher is better ↑
Abs. Rel Sq. Rel RMSE δ1.25 δ1.252 δ1.253

1 Depth-Only 0.098 0.046 0.257 0.902 0.972 0.990

2 w/ Conv. RGB encoder [17] 0.114 0.058 0.294 0.866 0.961 0.982
3 w/ 64-dim R18 RGB encoder 0.104 0.049 0.270 0.883 0.966 0.985

4 w/o camera information 0.229 0.157 0.473 0.661 0.874 0.955
5 w/o global rays encoding 0.097 0.047 0.261 0.897 0.962 0.988
6 w/ equal loss weights 0.095 0.047 0.259 0.908 0.968 0.990
7 w/ epipolar cues [18] 0.094 0.048 0.254 0.905 0.972 0.990

8 w/o Augmentations 0.117 0.060 0.291 0.870 0.959 0.981
9 w/o Virtual Cameras 0.104 0.058 0.268 0.891 0.965 0.986
10 w/o Canonical Jittering 0.099 0.046 0.261 0.897 0.970 0.988
11 w/o Canonical Randomization 0.096 0.044 0.253 0.905 0.971 0.989

DeFiNe 0.093 0.042 0.246 0.911 0.974 0.991

Table 6.1: Ablation study for ScanNet-Stereo, using di�erent variations.

6.4.3 Ablation Study

We perform a detailed ablation study to evaluate the e�ectiveness of each component in our proposed

architecture, with results shown in Table 6.1. Firstly, we evaluate performance when (1) learning

only depth estimation, and see that the joint learning of view synthesis as an auxiliary task leads

to signi�cant improvements. The claim that depth estimation improves view synthesis has been

noted before [181, 183], and attributed to the well-known fact that multi-view consistency facilitates

the generation of images from novel viewpoints. However, our experiments also show the inverse:

view synthesis improves depth estimation. Our hypothesis is that appearance is required to learn

multi-view consistency, since it enables visual correlation across frames. By introducing view

synthesis as an additional task, we are also encoding appearance-based information into our latent

representation. This leads to improvements in depth estimation even though no explicit feature

matching is performed at an architecture or loss level.

We also ablate di�erent variations of our RGB encoder for the generation of image embeddings

and show that (2) our proposed multi-level feature map concatenation (Figure 6.2b) leads to the

best results relative to the standard single convolutional layer, or (3) using 1/4 resolution ResNet18

64-dimensional feature maps. Similarly, we also ablate some of our design choices, namely (4) the use
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Figure 6.5: Reconstructed two-view pointclouds, from ScanNet-Stereo. DeFiNe pointclouds
are generated using both depth maps and RGB images queried from our learned latent representa-
tion.

Figure 6.6: Depth estimation and view synthesis results on ScanNet. Although view synthesis
is not our primary goal, it can be achieved with minimal modi�cations, and we show that it improves
depth estimation performance.

of camera embeddings instead of positional encodings; (5) global viewing rays (Section 6.3.2) instead

of traditional relative viewing rays; (6) the use of λs = 1 in the loss calculation (Equation 6.3.3)

such that both depth and view synthesis tasks have equal weights; and (7) the use of epipolar cues as

additional geometric embeddings, as proposed by IIB [18]. As expected, camera embeddings are

crucial for multi-view consistency, and global viewing rays improve over the standard relative formu-

lation. Interestingly, using a smaller λs degrades depth estimation performance, providing further

evidence that the joint learning of view synthesis is bene�cial for multi-view consistency. We did not

observe meaningful improvements when incorporating the epipolar cues from IIB [18], indicating

that DeFiNe is capable of directly capturing these constraints at an input-level due to the increase in

viewpoint diversity. Lastly, we ablate the impact of our various proposed geometric augmentations

(Section 6.3.3), showing that they are key to our reported state-of-the-art performance.
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Lastly, we evaluate depth estimation from virtual cameras, using di�erent noise levels σv at test

time. Di�erent models were also trained considering di�erent noise levels, with results reported in

Figure 6.4b. From these results we can see that the optimal virtual noise level, when evaluating at

the target location, is σv = 0.25m (yellow line), relative to the baseline without virtual noise (blue

line). However, models trained with higher virtual noise (e.g., the orange line, with σv = 1m) are

more robust to larger deviations from the target location.

6.4.4 Video Depth Estimation

To highlight the �exibility of our proposed architecture, we also experimented using video data

from ScanNet following the training protocol of Tang et al. [189]. We evaluated performance on

both ScanNet itself, using their evaluation protocol [189], as well as zero-shot transfer (without

�ne-tuning) to the 7-Scenes dataset. Table 6.2 reports quantitative results, while Figure 6.6 provides

qualitative examples. On ScanNet, DeFiNe outperforms most published approaches, signi�cantly

improving over DeMoN [174], BA-Net [189], and CVD [176] both in terms of performance and

speed. We are competitive with DeepV2D [58] in terms of performance, and roughly 14× faster,

owing to the fact that DeFiNe does not require bundle adjustment or any sort of test-time opti-

mization. In fact, our inference time of 49ms can be split into 44ms for encoding and only 5ms

for decoding, enabling very e�cient generation of depth maps after information has been encoded

once. The only method that outperforms DeFiNe in terms of speed is NeuralRecon [179], which

uses a sophisticated TSDF integration strategy. Performance-wise, we are also competitive with

NeuralRecon, improving over their reported results in one of the three metrics (Sq. Rel).

Next, we evaluate zero-shot transfer from ScanNet to 7-Scenes, which is a popular test of gener-

alization for video depth estimation. In this setting, DeFiNe signi�cantly improves over all other

methods, including DeepV2D (which fails to generalize) and NeuralRecon (∼40% improvement).

We attribute this large gain to the highly intricate and specialized nature of these other architectures.

In contrast, our method has no specialized module and instead learns a geometrically-consistent

multi-view latent representation. In summary, we achieve competitive results on ScanNet while
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Method Abs. Rel↓ Sq. Rel↓ RMSE↓ Speed (ms)↓

ScanNet test split [189]
DeMoN [174] 0.231 0.520 0.761 110
MiDas-v2 [190] 0.208 0.318 0.742 -
BA-Net [189] 0.091 0.058 0.223 95
CVD [176] 0.073 0.037 0.217 2400
DeepV2D [58] 0.057 0.010 0.168 690
NeuralRecon [179] 0.047 0.024 0.164 30
DeFiNe (128× 192) 0.059 0.022 0.184 49
DeFiNe (240× 320) 0.056 0.019 0.176 78

Zero-shot transfer to 7-Scenes [59]
DeMoN [174] 0.389 0.420 0.855 110
NeuralRGBD [191] 0.176 0.112 0.441 202
DPSNet [150] 0.199 0.142 0.438 322
DeepV2D [58] 0.437 0.553 0.869 347
CNMNet [192] 0.161 0.083 0.361 80
NeuralRecon [179] 0.155 0.104 0.347 30
EST [18] 0.118 0.052 0.298 71

DeFiNe (128× 192) 0.100 0.039 0.253 49

Table 6.2: Depth estimation results on ScanNet and 7-Scenes. DeFiNe is competitive with
other state-of-the-art methods on ScanNet, and outperforms all published methods in zero-shot
transfer to 7-Scenes by a large margin.

signi�cantly improving the state-of-the-art for video depth generalization, as evidenced by the large

gap between DeFiNe and the best-performing methods on the 7-Scenes benchmark.

6.4.5 Depth from Novel Viewpoints

We previously discussed the strong performance that DeFiNe achieves on traditional depth esti-

mation benchmarks, and showed how it improves out-of-domain generalization by a wide margin.

Here, we explore another aspect of generalization that our architecture enables: viewpoint gener-

alization. This is possible because, in addition to traditional depth estimation from RGB images,

DeFiNe can also generate depth maps from arbitrary viewpoints since it only requires camera

embeddings to decode estimates. We explore this capability in two di�erent ways: interpolation and

extrapolation. When interpolating, we encode frames at {t−5, . . . , t+5}, and decode virtual depth
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(a) Depth interpolation results. (b) Depth extrapolation results.

(c) Depth extrapolation to future timesteps. Images and ground-truth depth maps are displayed only
for comparison. DeFiNe can complete unseen portions of the scene in a geometrically-consistent way,
generating dense depth maps from novel viewpoints.

Figure 6.7: Depth estimation results from novel viewpoints.

maps at locations {t− 4, . . . , t+4}. When extrapolating, we encode frames at {t− 5, . . . , t− 1},

and decode virtual depth maps at locations {t, . . . , t + 8}. We use the same training and test

splits as in our stereo experiments, with a downsample factor of 20 to encourage smaller overlaps

between frames. As baselines for comparison, we consider the explicit projection of 3D information

from encoded frames onto these new viewpoints. We evaluate both standard depth estimation

networks [13, 9, 75] as well as DeFiNe itself, that can be used to either explicitly project information

from encoded frames onto new viewpoints (projection), or query from the latent representation at

that same location (query).

Figure 6.7 reports results in terms of root mean squared error (RMSE) considering only valid

projected pixels. The �rst noticeable aspect is that our multi-frame depth estimation architecture

signi�cantly outperforms other single-frame baselines. However, and most importantly, results

obtained by implicit querying consistently outperform those obtained via explicit projection. This

112



indicates that our model is able to improve upon available encoded information, via the learned

latent representation. Furthermore, we also generate geometrically consistent estimates for areas

without valid explicit projections (Figure 6.7c). As the camera tilts to the right, the �oor is smoothly

recreated in unobserved areas, as well as the partially observed bench. Interestingly, the chair at the

extreme right was not recreated, which could be seen as a failure case. However, because the chair

was never observed in the �rst place, it is reasonable for the model to assume the area is empty, and

recreate it as a continuation of the �oor.

6.5 Conclusion

We introduced DeFiNe, a generalist scene representation framework for multi-view depth esti-

mation. Rather than explicitly enforcing geometric constraints at an architecture or loss level, we

use geometric embeddings to condition network inputs, alongside visual information. To learn a

geometrically-consistent latent representation, we propose a series of 3D augmentations designed

to promote viewpoint, rotation, and translation equivariance. We also show that the introduc-

tion of view synthesis as an auxiliary task improves depth estimation without requiring additional

ground-truth. We achieve state-of-the-art results on the popular ScanNet stereo benchmark, and

competitive results on the ScanNet video benchmark with no iterative re�nement or explicit geom-

etry modeling. We also demonstrate strong generalization properties by achieving state-of-the-art

results in zero-shot transfer from ScanNet to 7-Scenes. The general nature of our framework enables

many exciting avenues for future work, including the estimation of additional tasks, extension to

dynamic scenes, spatio-temporal representations, and uncertainty estimation.
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Chapter 7

Conclusion

It is an illusion that photos are made
with the camera. . . they are made
with the eye, heart and head.

Henri Cartier-Bresson.

Monocular depth estimation has long been the realm of benchmark datasets: networks are trained

and evaluated on calibrated and recti�ed data representing only a small subset of possible imaging

geometries and scenes. In this thesis, we have expanded the domain of monocular depth networks

from perspective views of streets and o�ces to underwater caves, micro-aerial vehicles, and exotic

camera-mirror systems.

First, we extended the standard self-supervised learning framework from perspective cameras to

a much more general class of parametric camera models (Chapter 3). This model achieved state-

of-the-art depth results on a challenging �sheye benchmark in a completely self-calibrated fashion,

learning the camera parameters jointly with depth and pose. The resulting camera parameters were

comparable to traditional manual, target-based calibration.

Next, we relaxed the camera model assumptions even further, learning a fully non-parametric

central camera model (Chapter 4) that can represent any central imaging geometry. Inspired by the
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“raxel” model of Grossberg and Nayar [120], we devised a di�erentiable per-pixel model and applied

it to settings where the perspective assumption often fails. Our experiments on a dashboard camera

dataset (where the camera is behind a curved windshield), and on an underwater sequence (where

the camera lies behind a glass dome) demonstrated the strength of a �exible model in settings where

parametric models fail.

The next step was multi-camera systems with arbitrary overlap. In Chapter 5 we investigated

how multi-camera constraints could allow monodepth estimators to be used to predict consistent,

360◦ point clouds, learning a single network across radically di�erent viewpoints. This architec-

ture achieved a large improvement on the DDAD benchmark, demonstrating the advantage of

multi-camera training. The chapter focused on the calibrated setting, but it should be possible to

jointly self-calibrate multi-camera rigs while learning multi-view consistent depth using some of the

strategies introduced in prior chapters; we leave this interesting extension to future work.

The self-supervised architectures described above share a number of limitations: they do not

explicitly model dynamic objects, they use a simple photometric loss that struggles on specular

surfaces, and they are single-frame methods that do not take advantage of video input at test time.

Recent advances using synthetic data [193], multi-frame inference [14, 194], and neural �elds [195]

have begun to alleviate some of these issues, but interesting future work remains.

Transformers In Chapter 1, we recalled a particularly poignant remark from a panelist at a CVPR

workshop: he predicted that over time, traditional geometric constraints and solvers would fall by

the wayside, and end-to-end learning would prevail. Our self-supervised depth architectures have the

�avor of a purely end-to-end solution to geometric vision—our camera models are learned end-to-

end without supervision, and our pose networks take input image pairs and predict transformations

directly. Still, elements of traditional constraints remain—the networks are supervised using a

depth-based view synthesis objective [12], which depends on the (calibrated or predicted) camera

parameters at the loss level. Our FSM architecture explicitly incorporates multi-view consistency for

both the depth and pose networks, relying on the accuracy of both the intrinsics and extrinsics.
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For recent multi-frame monodepth extensions [14, 194] the dependence is even stronger: to

aggregate information across multiple frames, we need to construct a cost volume that becomes

specialized to camera information at train time. Any mis-calibration (or shift between train and

test calibration) has a large impact on accuracy; the network inherently “over�ts” to the training

calibration in terms of both loss and architecture. The question remains: how do we fully decouple

the loss and architecture from the camera?

Recent trends in vision point to a potential solution. PercieverIO [16], an extension of Vision

Transformers [15], sets up a simple architecture for vision: positionally-encoded input is fed into

a generic architecture that can map any input modality (e.g., speech, text, images, point clouds)

to any output modality (e.g., class labels, semantic masks, optical �ow, depth maps). A domain-

speci�c inductive bias is provided at the input level, and the architecture can learn to use or ignore

the information as it sees �t. The simple inductive bias of patch positions allows PercieverIO to

outperform RAFT [161], a sophisticated recurrent 4D cost volume processing architecture, on the

task of optical �ow. Subsequent work adapted this architecture to stereo depth estimation [18].

An “epipolar embedding” representing the epipolar matching constraint is concatenated with

positional encodings as input to a PercieverIO architecture, and the resulting depth estimator

achieves competitive results with sophisticated cost-volume and bundle-adjustment-based stereo

methods [18].

Our DeFiNe architecture introduced in Chapter 6 builds on the work of Yifan et al. [18] to train

a multi-view consistent video depth estimator. We introduce a novel view query augmentation

procedure, which allows us to generate many virtual views without access to RGB images (depth

maps can be easily sampled at novel views), encouraging a multi-view consistent scene representation

rather than enforcing consistency at the loss level. Applying this augmentation to the stereo task

in [18] we �nd that the epipolar embedding is unnecessary. With only the standard viewing ray

embedding, our view-augmented network signi�cantly outperforms their architecture. In addition

to the depth loss, we introduce an auxiliary view synthesis task to further improve our geometric

scene representation. Taking inspiration from the light �eld view synthesis networks found in

LFN [196] and Scene Representation Transformers [169], we decode RGB values in addition
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to depth for query viewing rays. This form of “free” supervision further encourages geometric

consistency between source and target views.

DeFiNe is competitive with state-of-the-art video depth estimators that use sophisticated cost

volume aggregation and even bundle adjustment, but dramatically outperforms these methods

on zero-shot generalization, demonstrating a major strength of decoupling the architecture from

the camera parameters. Though the generalization results are compelling, a serious limitation

remains—DeFiNe is supervised. Ideally, a camera-agnostic depth estimation architecture would

combine the strengths of prior self-supervised depth networks with the new “input-level inductive

bias” approach. One possible avenue for self-supervision is DeFiNe’s light �eld view synthesis

decoder. Removing supervised depth prediction, sparse depth maps can be extracted from a light

�eld network [196], enabling a generic depth estimator with no ground-truth supervision.

We predict that novel input-level biases will continue to surpass bespoke geometric vision archi-

tectures on a variety of 3D tasks in the 2020s, proving that the CVPR workshop panelist’s statement

in 2019 was not quite as absurd as it initially seemed.
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