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ABSTRACT
Recovering structure and motion from videos is a well-studied comprehensive 3D vision task that
involves (1) image calibration, (2) two-view pose initialization, and (3) multi-view Structure-from-
Motion (SfM). Prior arts are optimization-based methods built over sparse image correspondence
inputs. This thesis develops systematic approaches to enhance classic solutions with deep learning
models. We introduce EdgeDepth and PMatch for dense monocular depthmaps and dense binocular
correspondence map estimations. Since classic approaches typically rely on sparse and accurate
inputs, they are less suitable for the dense yet high-variance predictions from dense depth and
correspondence models. As a solution, we propose to optimize through the robust inlier-counting-
based scoring function, which is widely applied in RANdom SAmpling Consensus (RANSAC).
Our system 1is structured as follows: (1) For image calibration, we introduce WildCamera. The
system utilizes a RANSAC algorithm applied to a dense incidence field regressed by a deep model.
It calibrates in-the-wild monocular images without checkerboard. (2) In two-view pose estimation,
we introduce LightedDepth. It estimates the optimal pose by aligning the depth map with the
correspondence map, maximizing the projective inliers. (3) The strategy is extended to a Hough
Transform in RSfM for multi-view SfM over a local 3 to 9 frame system. (4) We generalize the
RSfM discrete inlier counting scoring function to a smoothed scoring function via marginalizing
thresholds for general SfM task. To this end, we formulate a comprehensive system that recovers
structure and motion from two-view / local multi-view / large-scale multi-view images with dense
monocular depthmap and binocular correspondence maps. Compared to prior arts, our methods

show comprehensive improvement on two-view, small-scale, and large-scale multi-view systems.
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CHAPTER 1

INTRODUCTION
Estimating structure and motion from 2D images set is a fundamental task with diverse applications
in 3D reconstruction [31], robotics [132], and autonomous driving [310]. This task extracts 3D
point clouds, camera extrinsics, and camera intrinsics from RGB images, requiring a comprehensive
vision system that includes camera calibration, two-view pose estimation, and multi-view Structure-
from-Motion (SfM).

Classic Structure-from-Motion (SfM) methods [209, 287, 85] rely on sparse image corre-
spondence inputs extracted using feature detectors such as SIFT [150], SURF [15], and learned
descriptors like SuperPoint [63, 204]. These methods construct a sparse yet highly accurate 3D
point cloud by triangulating matched keypoints across multiple views. Given a well-initialized
system, a robust Bundle Adjustment (BA) algorithm jointly optimizes 3D point positions, camera
intrinsics, and camera poses by minimizing reprojection and photometric errors. However, classic
SfM approaches typically assume that the input image collection exhibits well-textured regions,
sufficient parallax between views, and a high degree of visual overlap—conditions that may not
always hold in real-world scenarios.

Recent advancements in deep learning have enabled the development of monocular depth
estimators [19] that generate dense depth maps from single RGB images without requiring camera
motion. The rise of transformer-based foundation models [259] has further accelerated research
efforts toward creating large-scale, highly generalizable monocular depth estimation models. These
models [295] are trained using a combination of large-scale labeled datasets and unlabeled image
collections, enhancing their robustness and adaptability. Notably, monocular depth models output
depth maps or point clouds in metric space, in contrast to traditional SfM systems, which produce up-
to-scale point clouds. Despite its growing capabilities, monocular depth estimation has limitations.
A major drawback is that the generated point clouds are significantly noisier compared to those
produced by SfM. Additionally, accurately quantifying the noise level in these depth predictions

remains an open research question. Since classic SfM algorithms rely on sparse and highly accurate



points, the high variance in monocular depth maps makes them less suitable for direct integration
into traditional SfM pipelines.

A similar trend is observed in image correspondence estimation models [331]. Traditionally,
image correspondence relied on handcrafted feature descriptors such as SIFT [151] and ORB [175].
In contrast, learning-based methods utilize labeled data to automatically learn image matching fea-
tures during training. These models utilize more powerful computational resources, such as GPUs.
As a result, learning-based approaches have achieved significantly higher accuracy compared to
their handcrafted counterparts. Recently, several studies have extended sparse image correspon-
dence estimation to dense correspondence estimation [69]. The transition to a dense output format
allows learning-based models to incorporate additional global priors. Experimental results in two-
view pose estimation have shown that dense correspondence can improve pose estimation accuracy.
However, similar to monocular depth models, dense correspondence estimators face challenges in
integrating with classic SfM methods, as these systems are designed to operate on sparse point
clouds.

Camera pose estimation has become increasingly important with the growing number of ap-
plications that rely on precise spatial localization. For instance, autonomous vehicles, drones, and
other robotic systems depend on accurate pose estimation for navigation. Additionally, emerging
3D image generation methods [176], which synthesize coherent 3D models from multiview images,
require well-registered input images. Neural rendering techniques [170], with significant potential
in AR/VR applications, also assume multi-view images with known camera poses.

Pioneering work in pose estimation has explored the integration of deep learning with camera
pose estimation. One line of research focuses on absolute camera pose regression, where a deep
neural network takes a single image or an image pair as input and directly regresses the absolute
camera pose in world coordinates [24] or the relative pose between the two images [216]. Another
approach is scene coordinate regression, where the model predicts a 3D point cloud either in
a global world coordinate system [21] or relative to the input images [273]. However, there is

still insufficient evidence that these learning-based methods consistently outperform traditional



geometric approaches. In this thesis, we propose a novel framework that effectively combines deep
learning with camera pose estimation, leveraging the strengths of both paradigms. Our approach
utilizes deep networks for dense, pixel-wise predictions guided by spatial geometric priors, i.e.,
the dense depthmaps and correspondence maps. Then, we employ a post-optimization scheme to
refine the low-degree-of-freedom (DoF) camera poses based on the dense yet noisy predictions.

In this dissertation, we present a comprehensive system for estimating multi-view camera
intrinsics and extrinsics by leveraging network outputs, specifically dense image correspondence
maps and depth maps. Our approach begins with the dense depth estimator EdgeDepth [327] and
the dense image correspondence estimator PMatch [331]. We then introduce a two-view pose
initialization method, LightedDepth [330], followed by RSfM [332], a multi-view pose estimation
algorithm designed to refine the two-view initialized results within a small multi-view system.
Finally, we present MfS, an extension of RSfM that enhances performance across both small-scale
and large-scale multi-view pose estimation scenarios. We start with the inputs to our system, i.e.,
the Monocular Depth Estimator and Binocular Correspondence Estimator.

In Chapter 2, we present a monocular depth estimarot EdgeDepth [327]. EdgeDepth explores the
mutual benefits between self-supervised monocular depth estimation and semantic segmentation,
two fundamental tasks in computer vision. Unlike previous methods that implicitly model their
relationship, we introduce an explicit border consistency constraint, ensuring alignment between
segmentation and depth edges. We leverage a novel morphing algorithm to iteratively refine depth
predictions, making them more consistent with segmentation boundaries. Additionally, we identify
and mitigate bleeding artifacts commonly found in stereo-based self-supervised depth estimation
using a stereo occlusion masking technique, further enhancing depth quality near object edges. Our
approach achieves state-of-the-art performance on self-supervised monocular depth estimation, for
the first time matching supervised methods in absolute relative error on the KITTI dataset.

In Chapter 3, we introduce PMatch [331], a novel Paired Masked Image Modeling (pMIM)
framework designed for dense geometric matching. Traditional monocular pretraining tasks, such

as image classification and masked image modeling (MIM), fail to optimize the cross-frame match-



ing module, limiting their effectiveness in geometric correspondence estimation. To overcome
this, we reformulate MIM from reconstructing a single masked image to reconstructing a pair of
masked images, enabling more effective pretraining of the transformer-based matching module.
Additionally, we propose a cross-frame global matching module (CFGM) that enhances robust-
ness in textureless regions by incorporating positional embeddings and a homography loss, which
regularizes correspondences on planar surfaces. Through these innovations, PMatch achieves state-
of-the-art performance in dense geometric matching, outperforming both sparse and dense methods
on diverse benchmark datasets.

Given the input depth maps and correspondence maps, we outline our pose estimation system,
beginning with a monocular intrinsic calibration method. This is followed by a two-view pose
initialization approach. Finally, we introduce RSfM for small-scale multi-view pose estimation and
MIS for large-scale multi-view pose estimation.

In Chapter 4, we introduce WildCamera [329], a4 Degree-of-Freedom (DoF) camera calibration
method tailored for in-the-wild images. Our approach is motivated by the intrinsic relationship
between monocular depth maps and surface normal maps, where the optimal intrinsic parameters
should align the depth map consistently with the normal map. However, traditional depth-normal-
based calibration methods suffer from numerical instability due to their dependence on accurate
depth gradients. To address this, we propose an alternative representation—the incidence field, a
novel 3D monocular prior that models the incidence rays between observed 3D points and their
corresponding 2D projections on the imaging plane. Unlike conventional depth and normal maps,
the incidence field remains invariant to image cropping and resizing, enhancing its generalization
to in-the-wild images. We develop a deep neural network to estimate the incidence field and
introduce a non-learning RANSAC-based optimization algorithm to recover intrinsic parameters
from the estimated field. Our method achieves state-of-the-art performance on synthetic and real-
world datasets, offering a robust solution for monocular camera calibration and enabling diverse
downstream applications, including image manipulation detection, uncalibrated two-view pose

estimation, and improved 3D sensing.



In Chapter 5, we present LightedDepth [330], a novel two-view SfM algorithm centered around
a two-view metric space pose initialization approach. Given two input images, we extract dense
monocular depth maps and image correspondences. Our method proceeds in three key stages: (1)
We estimate a normalized up-to-scale camera pose from the correspondences. (2) We determine the
metric space translation scale using a majority-voting algorithm, which incorporates a robust, non-
differentiable inlier-counting-based scoring function to enhance reliability. This strategy effectively
accommodates depth map noise by leveraging its density. (3) Finally, we complete two-view SfM by
estimating the two-view structure as video depth, formulated as a logged residual regression over the
monocular depth input. Through this decomposition, LightedDepth achieves superior performance
in video depth estimation, demonstrating robustness in scenarios with limited inference view angles
while maintaining computational efficiency.

This thesis explores advancements in self-supervised depth estimation by integrating local
Structure-from-Motion (SfM). Traditional self-supervised depth estimation relies on photometric
loss across immediate neighboring frames, often neglecting geometric consistency. To bridge
this gap, we propose a local SfM approach with a novel Bundle-RANSAC-Adjustment algorithm
that optimizes camera poses and depth adjustments across multiple frames. Experimental results
demonstrate that with only a few frames, our method significantly improves depth accuracy and
consistency, outperforming state-of-the-art supervised models. In sparse-view pose estimation,
our approach achieves certified global optimality and surpasses existing methods in both rotational
and translational accuracy. Additionally, it enhances correspondence estimation, confirming its
robustness and applicability. These results establish that self-supervision within limited frames not
only benefits supervised models but also sets new standards in pose and depth estimation, advancing
applications in AR/VR, autonomous driving, and 3D reconstruction.

In Chapter 6, we propose RSfM [332], which extends LightedDepth [330]’s majority voting
from two-view SfM to a local multi-view SfM with 3 to 9 frames. To address the non-differentiable
inlier-counts scoring function, we introduce a Hough Transform to convert it to a differentiable

manifold space. However, this transformation assumes all frames are mutually visible, limiting its



scalability. Despite this, RSfM shows improved pose accuracy over classic SfM by utilizing 3D
priors within dense monocular depth maps, whereas classic methods [209] rely on triangulation,
which is less effective with limited camera views (3 to 5 frames). Experiments demonstrate that self-
supervision with only 5 frames already enhances the performance of state-of-the-art supervised
models across datasets like ScanNet and KITTI360, achieving improvements in pose accuracy,
depth consistency, and correspondence estimation.

In Chapter 7, we present Motion-from-Structure (MfS). We generalize the inlier counting strat-
egy adopted in RSfM [332] to large-scale SfM systems. This method leverages the dense structural
information from monocular depth priors to directly estimate camera motion without the need for
per-pixel depth adjustments or model fine-tuning. Central to MfS is a reformulated bundle adjust-
ment framework that distinguishes inliers and outliers through a robust scoring function. Unlike
traditional methods that rely on a single inlier threshold, MfS generalizes this by computing an
Area-Under-Curve (AUC) over multiple thresholds, effectively modeling the residual distribution as
a continuous cumulative distribution function (CDF). This approach not only mitigates sensitivity
to hyper-parameters but also offers a smooth and differentiable optimization landscape. Experi-
ments on diverse datasets, including the sparse-set ETH3D and the large-scale dense-set ScanNet,
demonstrate MfS’s ability to achieve state-of-the-art performance in multi-view pose estimation
and camera re-localization. Notably, MfS consistently outperforms classical methods by robustly
handling noisy depth maps, achieving high accuracy even in challenging scenarios with limited
texture or motion parallax. Furthermore, the method’s scalable and plug-and-play design allows
it to integrate seamlessly with arbitrary monocular depth estimation models, promoting efficient
large-scale SfM without compromising accuracy.

1.1 Contributions of the Thesis

This thesis presents significant advancements in the field of Structure-from-Motion (SfM)

and camera pose estimation, addressing challenges related to dense depth and correspondence

estimation, camera calibration, and multi-view pose estimation. The primary contributions are:

1. Chapter 2: The Edge of Depth: Explicit Constraints between Segmentation and Depth



* Introduced EdgeDepth, a novel self-supervised monocular depth estimation framework
that explicitly enforces border consistency between depth and semantic segmentation
maps. This approach improves depth accuracy near object boundaries by employing a

morphing algorithm and stereo occlusion masking to mitigate common artifacts.
* Achieved state-of-the-art performance on self-supervised depth estimation benchmarks,
matching supervised methods on the KITTI dataset in terms of absolute relative error.

2. Chapter 3: PMatch: Paired Masked Image Modeling for Dense Geometric Matching

* Developed PMatch, a transformer-based framework utilizing Paired Masked Image
Modeling (pMIM) for robust dense geometric matching. This method enhances corre-
spondence estimation in textureless regions using a cross-frame global matching module

and homography loss.
* Demonstrated superior performance over existing sparse and dense matching methods
across diverse benchmark datasets.

3. Chapter 4: Tame a Wild Camera: In-the-Wild Monocular Camera Calibration

* Proposed WildCamera, a 4 DoF camera calibration technique leveraging the novel
concept of an incidence field. This approach ensures robustness to image cropping and

resizing, enhancing its generalization to in-the-wild datasets.

* Designed a deep learning model to estimate incidence fields and integrated a RANSAC-

based optimization method for reliable intrinsic parameter recovery.

* Achieved state-of-the-art calibration performance on both synthetic and real-world

datasets, enabling diverse downstream applications.

4. Chapter 5: LightedDepth: Video Depth Estimation in light of Limited Inference View Angles

* Presented LightedDepth, a two-view SfM algorithm that accurately estimates metric

space poses by integrating dense depth and correspondence inputs. This method intro-



duces a robust majority-voting mechanism to determine translation scales and refines

depth predictions through residual regression.

* Demonstrated robustness and superior performance in challenging scenarios with lim-

ited inference angles while maintaining computational efficiency.

5. Chapter 6: RSfM: Revisit Self-supervised Depth Estimation with Local Structure-from-

Motion

* Introduced RSfM, extending the LightedDepth framework to local multi-view settings
(3-9 frames). This method innovates by converting non-differentiable inlier counts into
a differentiable manifold space using the Hough Transform, enhancing pose accuracy

in scenarios with limited mutual visibility.

* Verified its effectiveness through experiments, showing improvements in pose accu-
racy, depth consistency, and correspondence estimation across benchmark datasets like

ScanNet and KITTI360.

6. Chapter 7: Motion-from-Structure: Leveraging Monocular Depth Priors for Multi-View

Tasks

* Developed Motion-from-Structure (MfS), which generalizes the inlier counting strategy
to large-scale SfM. MTS introduces a robust scoring function based on an Area-Under-
Curve (AUC) framework, improving optimization smoothness and reducing sensitivity

to hyper-parameters.

* Demonstrated state-of-the-art performance in large-scale multi-view pose estimation
and camera re-localization, particularly excelling in challenging scenarios involving

noisy depth maps and limited texture or motion parallax.

Together, these contributions enhance structure and motion estimation from RGB image collections
by bridging dense learning-based approaches with traditional geometric methods, leading to more

accurate and scalable solutions.



CHAPTER 2

THE EDGE OF DEPTH: EXPLICIT CONSTRAINTS BETWEEN SEGMENTATION
AND DEPTH

In this work we study the mutual benefits of two common computer vision tasks, self-supervised
depth estimation and semantic segmentation from images. For example, to help unsupervised
monocular depth estimation, constraints from semantic segmentation has been explored implicitly
such as sharing and transforming features. In contrast, we propose to explicitly measure the border
consistency between segmentation and depth and minimize it in a greedy manner by iteratively
supervising the network towards a locally optimal solution. Partially this is motivated by our
observation that semantic segmentation even trained with limited ground truth (200 images of
KITTTI) can offer more accurate border than that of any (monocular or stereo) image-based depth
estimation. Through extensive experiments, our proposed approach advances the state of the art on
unsupervised monocular depth estimation in the KITTIL.

2.1 Introduction

Estimating depth is a fundamental problem in computer vision with notable applications in self-
driving [29] and virtual/augmented reality. To solve the challenge, a diverse set of sensors has been
utilized ranging from monocular camera [87], multi-view cameras [46], and depth completion from
LiDAR [114]. Although the monocular system is the least expensive, it is the most challenging due
to scale ambiguity. The current highest performing monocular methods [296, 97, 163, 135, 79] are
reliant on supervised training, thus consuming large amounts of labelled depth data. Recently, self-
supervised methods with photometric supervision have made significant progress by leveraging
unlabeled stereo images [82, 87] or monocular videos [325, 260, 305] to approach comparable
performance as the supervised methods.

Yet, self-supervised depth inference techniques suffer from high ambiguity and sensitivity in
low-texture regions, reflective surfaces, and the presence of occlusion, likely leading to a sub-
optimal solution. To reduce these effects, many works seek to incorporate constraints from external

modalities. For example, prior works have explored leveraging diverse modalities such as optical
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Figure 2.1 We explicitly regularize the depth border to be consistent with segmentation border. A
“better" depth I'" is created through morphing according to distilled point pairs pq. By penalizing
its difference with the original prediction I at each training step, we gradually achieve a more
consistent border. The morph happens over every distilled pairs but only one pair illustrated, due
to limited space.

flow [305], surface normal [297], and semantic segmentation [40, 269, 173, 320]. Optical flow
can be naturally linked to depth via ego-motion and object motion, while surface normal can be
re-defined as direction of the depth gradient in 3D. Comparatively, semantic segmentation is unique
in that, though highly relevant, it is difficult to form definite relationship with depth.

In response, prior works tend to model the relation of semantic segmentation and depth im-
plicitly [40, 269, 173, 320]. For instance, [40, 269] show that jointly training a shared network
with semantic segmentation and depth can help lean both modalities. [320] learns a transformation
between semantic segmentation and depth feature spaces. Despite empirically positive results, such
techniques lack clear and detailed explanation for their improvement. Moreover, prior work has
yet to explore the relationship from one of the most obvious aspects — the shared borders between
segmentation and depth.

Hence, we aim to explicitly constrain monocular self-supervised depth estimation to be more
consistent and aligned to its segmentation counterpart. We validate the intuition of segmentation

being stronger than depth estimation for estimating object boundaries, even compared to depth from
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multi-view camera systems [304], thus demonstrating the importance of leveraging this strength
(Tab. 2.3). We use the distance between segmentation and depth’s edges as a measurement of their
consistency. Since this measurement is not differentiable, we can not directly optimize it as a loss.
Rather, it is optimized as a “greedy search”, such that we iteratively construct a local optimum
augmented disparity map under the proposed measurement and penalize its discrepancy with the
original prediction. The construction of augmented depth map is done via a modified Beier—Neely
morphing algorithm[256]. In this way, the estimated depth map gradually becomes more consistent
with the segmentation edges within the scene, as demonstrated in Fig. 7.1.

Since we use predicted semantics labels[333], noise is inevitably inherited. To combat this, we
develop several techniques to stabilize training as well as improve performance. We also notice
recent stereo-based self-supervised methods ubiquitously possess “bleeding artifacts", which are
fading borders around two sides of objects. We trace its cause to occlusions in stereo cameras near
object boundaries and resolve by integrating a novel stereo occlusion mask into the loss, further
enabling quality edges and subsequently facilitating our morphing technique.

Our contributions can be summarized as follows:

o We explicitly define and utilize the border constraint between semantic segmentation and
depth estimation, resulting in depth more consistent with segmentation.

o We alleviate the bleeding artifacts in prior depth methods [88, 87, 40, 191] via proposed stereo
occlusion mask, furthering the depth quality near object boundaries.

¢ We advance the state-of-the-art (SOTA) performance of the self-supervised monocular depth
estimation task on the KITTI dataset, which for the first time matches SOTA supervised performance
in the absolute relative metric.

2.2 Related work

Self-supervised Depth Estimation Self-supervision has been a pivotal component in depth
estimation [325, 260, 305]. Typically, such methods require only a monocular image in inference
but are trained with video sequences, stereo images, or both. The key idea is to build pixel

correspondences from a predicted depth map among images of different view angles then minimize
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a photometric reconstruction loss for all paired pixels. Video-based methods [325, 260, 305]
require both depth map estimation and ego-motion. While stereo system [82, 87] requires a pair of
images captured simultaneously by cameras with known relative placement, reformulating depth
estimation into disparity estimation.

We note the photometric loss is subject to two general issues: (1) When occlusions present,

via stereo cameras or dynamic scenes in video, an incorrect pixel correspondence can be made
yielding sub-optimal performance. (2) There exists ambiguity in low-texture or color-saturated
areas such as sky, road, tree leaves, and windows, thereby receiving a weak supervision signal. We
aim to address (1) by proposed stereo occlusion masking, and (2) by leveraging additional explicit
supervision from semantic segmentation.
Occlusion Problem Prior works in video-based depth estimation [88, 260, 117, 35] have begun
to address the occlusion problem. [88] suppresses occlusions by selecting pixels with a minimum
photometric loss in consecutive frames. Other works [260, 117] leverage optical flow to account for
object and scene movement. In comparison, occlusion in stereo pairs has not received comparable
attention in SOTA methods. Such occlusions often result in bleeding depth artifacts when (self-
)supervised with photometric loss. [87] partially relieves the bleeding artifacts via a left-right
consistency term. Comparatively, [191, 296] incorporates a regularization onto the depth magnitude
to suppress the artifacts.

In our work, we propose an efficient occlusion masking based only on a single estimated
disparity map, which significantly improves estimation convergence and qualities around dynamic
objects’ border (Sec. 2.3.2). Another positive side effect is improved edge maps, which facilitates
our proposed semantic-depth edge consistency (Sec. 2.3.1).

Using Additional Modalities To address weak supervision in low-texture regions, prior work has
begun incorporating modalities such as surface normal [297], semantic segmentation [194, 40, 269,
173], optical flow [260, 117] and stereo matching proxies [278, 247]. For instance, [297] constrains
the estimated depth to be more consistent with predicted surface normals. While [278, 247] leverage

proxy disparity labels produced by Semi-Global Matching (SGM) algorithms [107, 108], which
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Figure 2.2 Framework Overview. The blue box indicates input while yellow box indicates the
estimation. The encoder-decoder takes only a left image I, to predict the corresponding disparity
I; which will be converted to depth map Iy. The prediction is supervised via a photometric
reconstruction loss /,, morph loss /,, and stereo matching proxy loss /,,.

serve as additional psuedo ground truth supervision. In our work, we provide a novel study focusing
on constraints from the shared borders between segmentation and depth.

Using Semantic Segmentation for Depth The relationship between depth and semantic seg-
mentation is fundamentally different from the aforementioned modalities. Specifically, semantic
segmentation does not inherently hold a definite mathematical relationship with depth. In contrast,
surface normal can be interpreted as normalized depth gradient in 3D space; disparity possesses an
inverse linear relationship with depth; and optical flow can be decomposed into object movement,
ego-motion, and depth estimation. Due to the vague relationship between semantic segmentation
and depth, prior work primarily use it in an implicit manner.

We classify the uses of segmentation for depth estimation into three categories. Firstly, share
weights between semantics and depth branches as in [40, 269]. Secondly, mix semantics and
depth features as in [269, 173, 320]. For instance, [269, 173] use a conditional random field to
pass information between modalities. Thirdly, [124, 194] opt to model the statistical relationship

between segmentation and depth. [124] specifically models the uncertainty of segmentation and
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depth to re-weight themselves in the loss function.

Interestingly, no prior work has leveraged the border consistency naturally existed between
segmentation and depth. We emphasize that leveraging this observation has two difficulties.
First, segmentation and depth only share partial borders. Secondly, formulating a differentiable
function to link binarized borders to continuous semantic and depth prediction remains a challenge.
Hence, designing novel approaches to address these challenges is our contribution to an explicit

segmentation-depth constraint.

2.3 The Proposed Method

We observe recent self-supervised depth estimation methods[278] preserve deteriorated ob-
ject borders compared to semantic segmentation methods[333] (Tab. 2.3). It motivates us to
explicitly use segmentation borders as a constraint in addition to the typical photometric loss.
We propose an edge-edge consistence loss /. (Sec. 2.3.1.1) between depth map and segmentation
map. However, as the /. is not differentiable, we circumvent it by constructing an optimized depth
map I3 and penalizing its difference with original prediction Ig (Sec. 2.3.3.1). This construction
is accomplished via a novel morphing algorithm (Sec. 2.3.1.2). Additionally, we resolve bleeding
artifacts (Sec. 2.3.2) for improved border quality and rectify batch normalization layer statistics via
a finetuning strategy (Sec. 2.3.3.1). As in Fig. 6.3, our method consumes stereo image pairs and
precomputed semantic labels [333] in training, while only requiring a monocular RGB image at
inference. It predicts a disparity map I3 and then converted to depth map Iq given baseline b and

focal length f under relationship Ig = J;—db

2.3.1 Explicit Depth-Segmentation Consistency

To explicitly encourage estimated depth to agree with its segmentation counterpart on their
edges, we propose two steps. We first extract matching edges from segmentation Iy and cor-
responding depth map Ig (Sec. 2.3.1.1). Using these pairs, we propose a continuous morphing
function to warp all depth values in its inner-bounds (Sec. 2.3.1.2), such that depth edges are aligned

to semantic edges while preserving the continuous integrity of the depth map.
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2.3.1.1 Edge-Edge Consistency

In order to define the edge-edge consistency, we must firstly extract the edges from both
the segmentation map Is and depth map Iq. We define I as a binary foreground-background
segmentation map, whereas the depth map Ig consists of continuous depth values. Let us denote

an edge T as the set of pixel p locations such that:

sk

T={p ki}, 2.1)

where ag(p) is a 2D image gradient at p and k is a hyperparameter controlling necessary gradient

intensity to constitute an edge. In order to highlight clear borders in close-range objects, the depth
edge Tq is extracted from the disparity map I instead of Iy. Given an arbitrary segmentation edge

point q € T, we denote §(q, Tq) as the distance between q to its closest point in depth edge Tq:

6(q, Ta) = |r:onn lp—qall . (2.2)

Since the correspondence between segmentation and depth edges do not strictly follow an one-one
mapping, we limit it to a predefined local range. We denote the valid set I' of segmentation edge

points q € T such that:
I'(Ts | Ta) = {q | Vq € Ty, 6(q.Ta) < k2}, (2.3)

where k> is a hyperparamter controlling the maximum distance allowed for association. For notation
simplicity, we denote T'? = T'(Ts | Tq). Then the consistency /. between the segmentation T and
depth Tq edges is as:

(D (T | Tq), Ta) = Z 5(q, Ta). (2.4)

Il

Due to the discretization used in extracting edges from I and Iq, it is difficult to directly optimize
[, (F‘si, Tq). Thus, we propose a continuous morph function (¢ and g in Sec. 2.3.1.2) to produce an

augmented depth I}, with a corresponding depth edge T that minimizes:

l(T(Ts | Ta), Tg). 2.5

Note that the /. loss is asymmetric. Since the segmentation edge is more reliable, we prefer to use

1.(TY, T}) rather than its inverse mapping direction of /. (I'y, Tg).
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Figure 2.3 The morph function ¢(-) morphs a pixel x to pixel x*, via Eq. 2.7 and 2.8. (a) A
source image I is morphed to I* by applying ¢(x|q, p) to every pixel x € I* with the closest pair
of segmentation q and depth p edge points. (b) we show each term’s geometric relationship. The
ri?rph warps x around qo to x* around p6. Point o is controlled by term 7 in the extended line of

qp-
2.3.1.2 Depth Morphing

In the definition of consistence measurement /. in Eq. (2.5), we acquire a set of associations
between segmentation and depth border points. We denote this set as €:

@ ={p | argmin |p - gll.q € T2}. 2.6)
{plpeTa}

Associations in  imply depth edge p should be adjusted towards segmentation edge q to minimize
consistence measurement /.. This motivates us to design a local morph function ¢(-) which maps

an arbitrary point x near a segmentation point q € I'Y and associated depth point p € Q to:

, [
X' = ¢(x]q,p) =x+ap - T~ ¥, 27

where hyperparameter ¢ controls sample space illustrated in Fig. 2.3, and X" denotes the point
projection of x onto (ﬁ)):

X' = q+(ax - Gb) - 4p, (2.8)
where (p is the unit vector of the associated edge points. We illustrate a detailed example of ¢(-)
in Fig. 2.3.

To promote smooth and continuous morphing, we further define a more robust morph function

g(-), applied to every pixel x € I} as a distance-weighted summation of all morphs ¢(-) for each
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associated pair (q, p) € (T'Y, Q):

i=|Q|

(d;)
gx1q.p)= Y ——o - h(di) - $(x | P ), (2.9)
i=0 Zj;!)mw(dj)

where d; is the distance between x; and edge segments (ﬁ h(-) and w(-) are distance-based
weighting functions: w(d;) = (ﬁ)m“, and h(d;) = Sigmoid(-m - (d; —my)), where m1, my, ms,
my are predefined hyperparameters. w(-) is a relative weight compromising morphing among
multiple pairs, while A(-) acts as an absolute weight ensuring each pair only affects local area.
Implementation wise, &(-) makes pairs beyond ~7 pixels negligible, facilitating g(x | ¢, p) linear
computational complexity.

In summary, g(x | q,p) can be viewed as a more general Beier—Neely [256] morph, due to
inclusion of 4(-). We align depth map better to segmentation via applying g(-) morph to pixels of

its disparity map x € I:il, creating a segmentation-augmented disparity map I;fl:

I(x) =I3(¢(x | q.p))

FoVY(p,q) € (1), p=¢(q).

Next we may transform the edge-to-edge consistency term /. into the minimization of difference

(2.10)

between I3 and the segmentation-augmented I(i;, as detailed in Sec. 2.3.3.1. A concise proof of I}

as local minimum of /. under certain condition is in the supplementary material (Suppl.).

2.3.2 Stereo Occlusion Mask

Bleeding artifacts are a common difficulty in self-supervised stereo methods [88, 87, 40,
191]. Specifically, bleeding artifacts refer to instances where the estimated depth on surrounding
foreground objects wrongly expands outward to the background region. However, few works
provide detailed analysis of its cause. We illustrate the effect and an overview of our stereo
occlusion mask in Fig. 2.4.

Let us define a point b € Ig near the boundary of an object and corresponding point b’ €
I(Tl in the right stereo view. When point b’ is occluded by a foreground point ¢’ in the right
stereo, a photometric loss will seek a similar non-occluded point in the right stereo, e.g., the

objects” left boundary a’, since no exact solution may exist for occluded pixels. Therefore, the
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(b) (©)

Figure 2.4 (a) Overlays disparity estimation over the input image showing typical bleeding artifacts.
(b) We denote the red object contour from the left view I and green object contour from the right
view I'. Background point b is visible in the left view, yet its corresponding right point b’ is
occluded by an object point ¢'. Thus, this point is incorrectly supervised by photometric loss /, to
look for the nearest background pixel (e.g., ah) leading to a bleeding artifact in (a). (c) We depict
occluded region detected via Eq. 2.11.

—
a’b

disparity value at point b will be cil"; = = Xp — X+, where x is the horizontal location.
Since background is assumed farther away than foreground points, generally a false supervision
has the quality such that the occluded background disparity will be significantly larger than its
(unknown) ground truth value. As b approaches a' the effect is lessened, creating a fading effect.

To alleviate the bleeding artifacts, we form an occlusion indicator matrix M such that M(x, y) =
1 if the pixel location (x,y) has possible occlusions in the stereo view.
For instance, in the left stereo image M is defined as:

1 min (Ig(x+i,y) —Ia(x,y) —i) > k3
M(x,y) — ie(0,W-x]

0 otherwise,

(2.11)

where W denotes predefined search width and k3 is a threshold controlling thickness of the mask.

The disparity value in the left image represents the horizontal left distance of each pixel to be
moved. As the occlusion is due to pixels in its right, we intuitively perform our search in one direc-
tion. Additionally, we can view occlusion as when neighbouring pixels on its right move too much
left and cover itself. In this way, occlusion can be detected as ie(l{)l"l‘}[}l_ . (Tg(x +i,y) = X3(x,y) —i) >
0. Considering bleeding artifacts in Fig. 2.4, we use k3 to counter large incorrect disparity values

of occluded background pixels. The regions indicated by M are then masked when computing a

reconstruction loss (Sec. 2.3.3.1).
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Cita. Method PP | Data HxW Size (Mb) | AbsRel | SqRel | RMSE | RMSElog [ 6 < 1.25 [ 6 < 1.25% [ 6 < 1.25°
[296] Yang et al. /| DTs 256 x 512 - 0.097 | 0.734 | 4.442 0.187 0.888 0.958 0.980
[97] Guo et al. D*DS 256 x 512 79.5 0.097 | 0.653 | 4.170 0.170 0.889 0.967 0.986
[163] Luo ef al. D*DS | 192 x 640 crop | 1,562 0.094 | 0.626 | 4.252 0.177 0.891 0.965 0.984
[135] Kuznietsov e al. DS 187 x 621 324.8 0.113 | 0.741 | 4.621 0.189 0.862 0.960 0.986
[79] Fu et al. D | 385x513crop | 399.7 0.099 | 0.593 | 3.714 0.161 0.897 0.966 0.986
[137] Lee et al. D 352 % 1,216 563.4 0.091 | 0.555 | 4.033 0.174 0.904 0.967 0.984
[87] Godard et al. v S 256 x 512 382.5 0.138 | 1.186 | 5.650 0.234 0.813 0.930 0.969
[167] Mehta e al. S 256 x 512 - 0.128 | 1.019 | 5.403 0.227 0.827 0.935 0.971
[193] Poggi et al. v S 256 x 512 954.3 0.126 | 0.961 | 5.205 0.220 0.835 0.941 0.974
[312] Zhan et al. X | MS 160 x 608 - 0.135 | 1.132 | 5.585 0.229 0.820 0.933 0.971
[161] Luo et al. MS 256 x 832 160 0.128 | 0.935 | 5.011 0.209 0.831 0.945 0.979
[191] Pillai ef al. v S 384 x 1,024 - 0.112 | 0.875 | 4.958 0.207 0.852 0.947 0.977
[247] Tosi et al. v S |256x512crop| 511.0 0.111 | 0.867 | 4.714 0.199 0.864 0.954 0.979
[40] Chen et al. Ve 256 x 512 - 0.118 | 0.905 | 5.096 0.211 0.839 0.945 0.977
[88] Godard et al. v/ | MS 320 x 1,024 59.4 0.104 | 0.775 | 4.562 0.191 0.878 0.959 0.981
[278] | Watson ef al. (ResNetl8) | / S 320 x 1,024 59.4 0.099 | 0.723 | 4.445 0.187 0.886 0.962 0.981
Ours (ResNet18) /| sct | 320x 1,024 59.4 0.097 | 0.675 | 4.350 0.180 0.890 0.964 0.983
[278] | Watson ef al. (ResNet50) | / S 320 % 1,024 138.6 0.096 | 0.710 | 4.393 0.185 0.890 0.962 0.981
Ours (ResNet50) /| sCt | 320x 1,024 138.6 0.091 | 0.646 | 4.244 0.177 0.898 0.966 0.983

Table 2.1 Depth Estimation Performance, on KITTI Stereo 2015 dataset eigen splits [71] capped
at 80 meters. The Data column denotes: D for ground truth depth, D' for SLAM auxiliary data,
D* for synthetic depth labels, S for stereo pairs, M for monocular video, C for segmentation labels,
C' for predicted segmentation labels. PP denotes post-processing. Size refers to the model size in
Mb, which could be different depend on implementation language.

2.3.3 Network and Loss Functions

Our network is comprised of an encoder-decoder, identical to the baseline [278]. It takes in a
monocular RGB image and predicts corresponding disparity map which is later converted to depth
map under known camera parameters.

2.3.3.1 Loss Functions

The overall loss function is comprised of three terms:
I =1,(I4(x)) + A2l (Tg(x)) + 211, (T5(x)), (2.12)

where [, denotes a photometric reconstruction loss, [, a morphing loss, [, a stereo proxy loss [278],
and x are the non-occluded pixel locations, i.e., {x | M(x) = 0}. A; and A, are the weights of
terms. We emphasize that exclusion will not prevent learning of object borders. E.g., in Fig. 2.4(c),
although the pixel b in cyclist’s left border is occluded, the network can still learn to estimate depth
from a visible and highly similar pixel a’ in the stereo counterpart, as both left and right view images
are respectively fed into the encoder in training, similar to prior self-supervised works [278, 88].

Following [88], we define the /, reconstruction loss as:

1 - SSIM (I(x), I(x))

> +(1-o)I(x) -1(x)|, (2.13)

I (T(x) = @
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Method Area|Abs Rel| Sq Rell RMSE| RMSE log|o < 1.25
O | 0.085 | 0.507 | 3.684 | 0.159 0.909
Watson et al. [278]] W | 0.096 | 0.712 | 4.403 | 0.185 0.890
N | 0.202 | 2.819 | 8.980 | 0.342 0.702
O | 0.081 | 0.466 | 3.553 | 0.152 0.916
Ours (ResNet50) | W | 0.091 | 0.646 | 4.244 | 0.177 0.898
N | 0.192 | 2.526 | 8.679 | 0.324 0.712

Table 2.2 Edge vs. Off-edge Performance. We evaluate the depth performance for O-off edge,
W-whole image, N-near edge.

which consists of a pixel-wise mix of SSIM [276] and L, loss between an input left image I versus
the reconstructed left image I, which is re-sampled according to predicted disparity I;. The ais a
weighting hyperparameter as in [87, 278].

We minimize the distance between depth and segmentation edges by steering the disparity I3

to approach the semantic-augmented disparity I:fi (Eq. 2.10) in a logistic loss:

lg(T5(x)) = w(Iz(x)) - log(1 + I3 (x) — T3(x)]), (2.14)

where w(-) is a function to downweight image regions with low variance. It is observed that
the magnitude of the photometric loss (Eq. 2.13) varies significantly between textureless and rich
texture image regions, whereas the morph loss (Eq. 2.14) is primarily dominated by the border
consistency. Moreover, the morph is itself dependent on an estimated semantic psuedo ground truth
I [333] which may include noise. In consequence, we only apply the loss when the photometric

loss is comparatively improved. Hence, we define the weighting function w(-) as:

Var(D)(x) If £, (T3(x)) < [(T3(x))

w(I;(x)) = (2.15)

0 otherwise,

where Var(I) computes pixel-wise RGB image variance in a 3 X 3 local window. Note that when a
noisy semantic estimation Iy causes [, to degrade, the pixel location is ignored.
Following [278], we incorporate a stereo proxy loss [, which we find helpful in neutralizing

noise in estimated semantics labels, defined similarly to Eq. 2.14 as:

P_1. p .
1 (15(%)) = log(1 + T3 = Tg))  If [(I3(x)) < I-(T4(x)) 2.16)

0 otherwise,
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Figure 2.5 Left axis: Metric 6 < 1.25 as a function of distance off segmentation edges in background
(=x) and foreground (+x). compared to [278]. Right axis: improvement distribution against
distance. Our gain mainly comes from near-edge background area but not restricted to it.

where Ig denotes the stereo matched proxy label generated by the Semi-Global Matching (SGM) [107,

108] technique.

Finetuning Loss: We further finetune the model to regularize the batch normalization [115]
statistics to be more consistent to an identity transformation. As such, the prediction becomes less
sensitive to the exponential moving average, following inspiration from [226] denoted as: [y, =
HI&(X) - I}i (x) HZ, where I3 and I:i denote predicted disparity with and without batch normalization,
respectively.

2.3.3.2 Implementation Details
We use PyTorch [187] for training, and preprocessing techniques of [88]. To produce the

stereo proxy labels, We follow [278]. Semantic segmentation is precomputed via [333], in an
ensemble way with default settings at a resolution of 320 x 1,024. Using semantics definition
in Cityscapes [48], we set object, vehicle, and human categories as foreground, and the rest as
background. This allows us to convert a semantic segmentation mask to a binary segmentation
mask Is. We use a learning rate of 1e™* and train the joint loss (Eq. 2.12) for 20 epochs, starting
with ImageNet pretrained weights. After convergence, we apply Iy, loss for 3 epochs at a learning
rate of le™. Wesett =A; =1,y =5, k; = 0.11, ko = 20, k3 = 0.05, my = 17, my = 0.7,

m3 =1.6,my =1.9, and & = 0.85.
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Figure 2.6 Input image and the disagreement of estimated disparity between our method and [278].
Our method impacts both borders («) and inside (—) of objects.

2.4 Experiments
We first present the comprehensive comparison on the KITTI benchmark, then analyze our

results, and finally ablate various design choices of the proposed method.

KITTI Dataset: We compare our method against SOTA works on KITTI Stereo 2015 dataset,
a comprehensive urban autonomous driving dataset providing stereo images with aligned LiDAR
data. We utilize the eigen splits, evaluated with the standard seven KITTI metrics [71] with the
crop of Garg [82] and a standard distance cap of 80 meters [87]. Readers can refer to [71] for
explanation of used metrics.

Depth Estimation Performance: We show a comprehensive comparison of our method to the
SOTA in Tab. 2.1. Our framework outperforms prior methods on each of the seven metrics. For a
fair comparison, we utilize the same network structure as [88, 278]. We consider that approaching
the performance of supervised methods is an important goal of self-supervised techniques. Notably,
our method is the first self-supervised method matching SOTA supervised performance, as seen
in the absolute relative metric in Tab. 2.1. Additionally, We emphasize our method improves on

the 6 < 1.25 from 0.890 to 0.898, thereby reducing the gap between supervised and unsupervised
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Category Method Morph | AbsRel | SqRel | RMSE | RMSElog | 6 < 1.25 [ 6 < 1.257 [ 6 < 1.253
. X 10097 |0.734 | 4454 |0.187 0.889 | 0.961 0.981
Unsupervised | Watson er al.[2781 || 596 | | 0700 | | 4.401 | | 0.184 | 0.8917 | 09637 |0.9827
Supervised | Leo et al, [137] X | 0.088 |0490 |3.677 |0.168 0913 | 0.969 0.984
/10088 | 0488 | 3.666 ] | 0.168 0913 | 09707 |0.9857
Stereo Vin er al.(304] X 0049 | 0366 |3.283 |0.153 0.948 | 0.971 0.983
/10049 0365 |3254] 0152 0948 | 0971 0.983

Table 2.3 Comparison of algorithms if coupled with an segmentation network during inference.
Given the segmentation predicted at inference, we apply morph defined in Sec. 2.3.1.2 to depth
prediction. The improved metric is marked in green.

methods by relative ~60% (= 1 — %). We further demonstrate a consistent performance
gain with two variants of ResNet (Tab. 2.1), demonstrating our method’s robustness to the backbone
architecture capacity.

We emphasize our contributions are orthogonal to most methods including stereo and monocular
training. For instance, we use noisy segmentation predictions, which can be further enhanced by
pairing with stronger segmentation or via segmentation annotations. Moreover, recall that we do
not use the monocular training strategy of [88] or additional stereo data such as Cityscapes, and

utilize a substantially smaller network (e.g., 138.6 vs. 563.4 MB [137]), thereby leaving more room

for future enhancements.

Depth Performance Analysis: Our method aims to explicitly constrain the estimated depth edges
to become similar to segmentation counterparts. Yet, we observe that the improvements to the
depth estimation, while being emphasised near edges, are distributed in more spatial regions. To
understand this effect, we look at three perspectives.

Firstly, we demonstrate that depth performance is the most challenging near edges using the
0 < 1.25 metric. We consider a point X to be near an edge point p if below averaged edge consistence
l., thatis | x — p |< 3. We demonstrate the depth performance of off-edge, whole image, and near
edge regions in Tab. 2.2. Although our method has superior performance on whole, each method
degrades near an edge (| ~0.18 on ¢ from W to N), reaffirming the challenge of depth around
object boundaries.

Secondly, we compare metric 6 < 1.25 against baseline [278] in the left axes of Fig. 2.5. We

observe improvement from background around object borders (px~—35) and from foreground inside
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Loss Morph | AbsRel | SqRel | RMSE | RMSElog | 6 < 1.25 [ 6 < 1.25% [ 6 < 1.25°

0.098 | 0.692 | 4.393 0.182 0.889 0.963 0.983
0.097 | 0.674 | 4.354 0.180 0.891 0.964 0.983

Baseline X 0.102 | 0.754 | 4.499 0.187 0.884 0.962 0.982
Baseline + M X 0.101 0.762 | 4.489 0.186 0.887 0.962 0.982
Baseline + M + / X 0.099 | 0.736 | 4.462 0.185 0.889 0.963 0.982
§ v 0.098 | 0.714 | 4.421 0.183 0.890 0.964 0.982

X

v

Baseline + M + [, + Finetune

Table 2.4 Ablation study of the proposed method. v' indicates morphing during inference.

Figure 2.7 Compare the quality of estimated depth around foreground objects between [278] (top)
and ours (bottom).

objects (px > 30). This is cross-validated in Fig. 2.6 which visualizes the disagreements between
ours and baseline [278]. Our method impacts near the borders («<—) as well as inside of objects (—)
in Fig. 2.6.

Thirdly, we view the improvement as a normalized probability distribution, as illustrated in
right axes of Fig. 2.5. It peaks at around -5 px, which agrees with the visuals of Fig. 2.7 where
originally the depth spills into the background but becomes close to object borders using ours. Still,
the improvement is consistently positive and generalized to entire distance range. Such findings
reaffirm that our improvement is both near and beyond the edges in a general manner.

Depth Border Quality: We examine the quality of depth borders compared to the baseline [278],
as in Fig. 2.7. The depth borders of our proposed method is significantly more aligned to object
boundaries. We further show that for SOTA methods, even without training our models, applying
our morphing step at inference leads to performance gain, when coupled with a segmentation
network [333] (trained with only 200 domain images). As in Tab. 2.3, this trend holds for

unsupervised, supervised, and multi-view depth inference systems, implying that typical depth
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Figure 2.8 (a) input image and segmentation, (b-e) estimated depth (top) and with overlaid segmen-
tation (bottom) for various ablation settings, as defined in Tab. 7.5.

(d)

Model Finetune|Abs Rel| Sq Rell RMSE| RMSE log|é < 1.25
X 10.104 | 0.775 | 4562 | 0.191 | 0.878
Godarderal [8811 | (103 | 0731 | 4.531 | 0.188 | 0.878
X 10.096 |0.710 | 4393 | 0.185 | 0.890
/10094 0676|4317 0.180 | 0.892

Watson et al. [278]

Table 2.5 Improvement after finetuning of different models.

methods can struggle with borders, where our morphing can augment. However, we find that the
inverse relationship using depth edges to morph segmentation is harmful to border quality.

Stereo Occlusion Mask: To examine the effect of our proposed stereo occlusion masking
(Sec. 2.3.2), we ablate its effects (Tab. 7.5). The stereo occlusion mask M improves the absolute
relative error (0.102 — 0.101) and 6 < 1.25 (0.884 — 0.887). Upon applying stereo occlusion
mask during training, we observe the bleeding artifacts are significantly controlled as in Fig. 2.8
and in Suppl. Fig. 3. Hence, the resultant borders are stronger, further supporting the proposed
consistency term /. and morphing operation.

Morph Stabilization: We utilize estimated segmentation [333] to define the segmentation-depth
edge morph. Such estimations inherently introduce noise and destablization in training for which
we propose a w(x) weight to provide less attention to low image variance and ignore any regions
which degrades photometric loss (Sec. 2.3.3.1). Additionally, we ablate the specific help from
stereo proxy labels in stabilizing training in Fig. 2.8 (d) & (e) and Suppl. Fig. 3.

Finetuning Strategy: To better understand the effect of our finetuning strategy (Sec. 2.3.3.1)

on performance, we ablate using [88, 278] and our method, as shown in Tab. 7.5 and 2.5.
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Prediction Trlangiatlon QOurs
(d

Figure 2.9 Comparison of depth of initial baseline (b), triangularization (c), and proposed morph

(d).

Method Sq Rel| RMSE| RMSE log|o < 1.25
Ours (Triangularization)| 0.697 | 4.379 |  0.180 0.895
Ours (Proposed) 0.686 | 4.368 | 0.180 0.895

Table 2.6 Our morphing strategy versus triangularization.

Each ablated method achieves better performance after applying the finetuning, suggesting the
technique is general.

Morphing Strategy: We explore the sensitivity of our morph operation (Sec. 2.3.1), by comparing
its effectiveness against using triangularization to distill point pair relationships. We accomplish this
by first forming a grid over the image using anchors. Then define corresponding triangularization
pairs between the segmentation edge points paired with two anchors. Lastly, we compute an affine
transformation between the two triangularizations. We analyze the technique vs. our proposed
morphing strategy qualitatively in Fig. 2.9 and quantitatively in Tab. 2.6. Although the methods
have subtle distinctions, the triangularization morph is generally inferior, as highlighted by the
RMSE metrics in Tab. 2.6. Further, the triangularization morphing forms boundary errors with
acute angles which introduce more noise in the supervision signal, as exemplified in Fig. 2.9.

2.5 Conclusions

We present a depth estimation framework designed to explicitly consider the mutual benefits
between two neighboring computer vision tasks of self-supervised depth estimation and semantic
segmentation. Prior works have primarily considered this relationship implicitly. In contrast, we
propose a morphing operation between the borders of the predicted segmentation and depth, then
use this morphed result as an additional supervising signal. To help the edge-edge consistency

quality, we identify the source problem of bleeding artifacts near object boundaries then propose
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a stereo occlusion masking to alleviate it. Lastly, we propose a simple but effective finetuning
strategy to further boost generalization performance. Collectively, our method advances the state
of the art on self-supervised depth estimation, matching the capacity of supervised methods, and

significantly improves the border quality of estimated depths.
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CHAPTER 3

PMATCH: PAIRED MASKED IMAGE MODELING FOR DENSE GEOMETRIC
MATCHING

Dense geometric matching determines the dense pixel-wise correspondence between a source
and support image corresponding to the same 3D structure. Prior works employ an encoder of
transformer blocks to correlate the two-frame features. However, existing monocular pretraining
tasks, e.g., image classification, and masked image modeling (MIM), can not pretrain the cross-
frame module, yielding less optimal performance. To resolve this, we reformulate the MIM from
reconstructing a single masked image to reconstructing a pair of masked images, enabling the
pretraining of transformer module. Additionally, we incorporate a decoder into pretraining for
improved upsampling results. Further, to be robust to the textureless area, we propose a novel
cross-frame global matching module (CFGM). Since the most textureless area is planar surfaces,
we propose a homography loss to further regularize its learning. Combined together, we achieve

the State-of-The-Art (SOTA) performance on geometric matching.

3.1 Introduction

When a 3D structure is viewed in both a source and a support image, for a pixel (or keypoint) in
the source image, the task of geometric matching identifies its corresponding pixel in the support
image. This task is a cornerstone for many downstream vision applications, e.g. homography
estimation [65], structure-from-motion [209], visual odometry estimation [72] and visual camera
localization [28].

There exist both sparse and dense methods for geometric matching. The sparse methods [67,
199, 255, 160, 63, 201, 152, 234, 234] only yield correspondence on sparse or semi-dense locations
while the dense methods [252, 250, 68] estimate pixel-wise correspondence. They primarily differ
in that the sparse methods embed a keypoint detection or a global matching on discrete coordinates,
which underlyingly assumes a unique mapping between source and support frames. Yet, the exis-
tence of textureless surfaces introduces multiple similar local patches, disabling keypoint detection

or causing ambiguous matching results. Dense methods, though facing similar challenges at the
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Pretraining: Paired MIM

Figure 3.1 Most vision tasks start with a pretrained network. In geometric matching, the unique
network components processing two-view features cannot benefit from the monocular pretraining
task, e.g., image classification, and masked image modeling (MIM). As in the figure, this work
enables the pretraining of a matching model via reformulating MIM from reconstructing a single
masked image to reconstructing a pair of masked images.

coarse level, alleviate it with the additional fine-level local context and smoothness constraint. Until
recently, the dense methods demonstrate a comparable or better geometric matching performance
over the sparse methods [252, 250, 68].

A relevant task to dense geometric matching is the optical flow estimation [241]. Both tasks
estimate dense correspondences, whereas the optical flow is applied over consecutive frames with
the constant brightness assumption.

In geometric matching [234, 38], apart from the encoder encodes source and support frames
into feature maps, there exist transformer blocks which correlate two-frame features, e.g., the
LoFTR module [234]. Since these network components consume two-frame inputs, the monocular
pretraining task, e.g., the image classification and masked image modeling (MIM) defined on
ImageNet dataset, is unable to benefit the network. This limits both the geometric matching
performance and its generalization capability.

To address this, we reformulate the MIM from single masked image reconstruction to paired
masked images reconstruction, i.e., pMIM. Paired MIM benefits the geometric matching as both
tasks rely on the cross-frame module to correlate two frames inputs for prediction.

With a pretrained encoder, the decoder in dense geometric matching is still randomly initialized.
Following the idea of pretraining encoder, we extend pMIM pretraining to the decoder. As part

functionality of decoder is to upsample the coarse-scale initial prediction to the same resolution as
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input, we also task the decoder in pMIM to upsample the coarse-scale reconstruction to its original
resolution. Correspondingly, we consist the decoder as stacks of the depth-wise convolution except
for the last prediction head. With the depth-wise decoder, when transferring from pMIM to geo-
metric matching, we duplicate the decoder along the channel dimension to finish the initialization.
To this end, there exists only a small number of components in the decoder randomly initialized,
we pretrain the rest network components using synthetic image pair augmentation [250].

To further improve the dense geometric matching performance, we propose a cross-frame
global matching module (CFGM). In CFGM, we first compute the correlation volume. We model
the correspondences of coarse scale pixels as a summation over the discrete coordinates in the
support frame, weighted by the softmaxed correlation vector. However, this modeling fails when
multiple similar local patches exit. As a solution, we impose positional embeddings to the discrete
coordinates and decode with a deep architecture to avoid ambiguity. Meanwhile, we notice that
the textureless surfaces are mostly planar structures described by a low-dimensional 8 degree-of-
freedom (DoF) homography matrix. We thus design a homography loss to augment the learning
of the low DoF planar prior.

We summarize our contributions as follows:

e We introduce the paired masked image modeling pretext task, pretraining both the encoder and
decoder of a dense geometric matching network.

e We propose a novel cross-frame global matching module that is robust to textureless local
patches. Since the most textureless patches are planar structures, we augment their learning with a
homography loss.

e We outperform dense and sparse geometric matching methods on diverse datasets.

3.2 Related works

3.2.1 Pretraining and Finetuning

Pretraining and finetuning is an effective paradigm in vision tasks. Supervised image classifi-
cation has been one of the most widely adopted pretraining methods. An encoder [104, 225, 112],

e.g., ResNet [104], together with a few fully connected (FC) layers is trained for image classifica-
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Figure 3.2 Methodology Overview. In (a), we illustrate the proposed dense geometric matching
network. After extracting the multi-scale feature with the encoder Ey, we extend the LOFTR module
with (1) Transformer blocks Ty and (2) positional embeddings with an appended decoder Dy to
remove the ambiguity when multiple local patches exist. In (b), we show the proposed paired MIM
pretext task. We apply image masking at the scale s = 2, and recover the masked images with the
transformer blocks. In (a), network Dy (in red) is not included in pMIM pretraining. In dense
matching, Ry takes in the stack of source and the aligned support frame feature. In the pretext task,
Ry only takes in the source frame feature. Thus, R}, is a sub-graph of Rg. We detail how to initialize
Ry using Ry in Fig. 3.3. The residual refinement at other scales repeats the process at scale s = 8
but consumes feature embeddings of other scales, skipped for simplicity.

AT

tion using a large-scale dataset, e.g., ImageNet [59]. After converging, the encoder is used as the
initialization in the downstream vision tasks.

Apart from supervised classification tasks, there are self-supervised methods producing dis-
criminative feature representation. Inspired by BYOL [92], DINO [34] introduces a self-supervised
mean-teacher knowledge distillation task. It encourages the prediction consistency between a stu-
dent and teacher model where the teacher is an exponential moving average of the student model.
The pretrained ViT model embeds explicit information of semantic segmentation, which is not
observed in a supervised counterpart. Other self-supervised pretraining methods include color
transformation [44], geometric transformation [44], Jigsaw Puzzle [171], feature frame predic-
tion [185], etc.

Among the self-supervised learning tasks, masked image modeling (MIM) [261, 290, 8, 324,
294, 103] achieves SoTA finetuning performance on ImageNet [59]. The task introduces Masked

Language Modeling used in NLP domain to vision, reconstructing an image from its masked input.
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Figure 3.3 Resolution of the Discrepancy between Ry and R;. We adopt stacks of the depth-wise
convolution in the refinement module, i.e., each convolution kernel only works with one channel of
the input feature maps. This makes refiner Ry, in pretexting a sub-graph of refiner Ry in finetuning.
While transferring from the pretexting task to finetuning task, the input feature map concatenates
an extra aligned support frame feature f(¢3,7T%). As the bilinear sampling f imposes minimal
distribution change, we duplicate the kernel weight along the channel dimension.

While iGPT [39], ViT [64], and BEIiT [8] adopt sophisticated paradigm in modeling, MAE [103]
and SImMIM [292] show that directly regressing the masked continuous RGB pixels can achieve
competitive results. Typically, they focus on pretraining the encoder, adopting an asymmetric
design where only a shallow decoder head is appended.

In this paper, we reformulate MIM from reconstructing a single image to the paired images,
reducing the domain gap between the pretexting task and the downstream geometric matching. As

a result, we extend the benefit of MIM pretraining to the task of dense geometric matching.

3.2.2 Sparse Geometric Matching

There are detector-based and detector-free sparse geometric matching methods. Classic works
are detector based, and employ the nearest neighbor (NN) match using the hand-crafted feature on
detected keypoints, e.g., SIFT [160], SURF [14], and ORB [202]. Both keypoint detection and
feature extraction are improved by data-driven deep models [63, 67, 184, 199, 302, 63]. Later,
[204,201, 255] propose to replace the naive NN match by graph neural network based differentiable
matching.

While the detector based methods operate on keypoints, the detector free methods, e.g. LOFTR [234]
and ASpanFormer [38] operate all-to-all matching on coarse-scale discrete grid locations. Still,
their matching depends on the correlation between features, yielding ambiguous results when mul-
tiple local patches exist. We improve LoFTR from two perspectives. First, we extend the LoFTR

module to the proposed cross-frame global matching module to benefit from the MIM pretexting
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Figure 3.4 Visual Quality of the paired MIM pretext task. Visualized cases are from the
MegaDepth and the ScanNet dataset.

task. Second, we alleviate the ambiguity caused by similar local patches by imposing positional
embeddings over the low-dimensional 2D coordinates. A decoder is then employed to resolve the
ambiguity.

3.2.3 Dense Geometric Matching

DGC-Net [168] regresses dense correspondences from a global correlation volume at a lim-
ited resolution. GLU-Net [249] increases the resolution with a global-local correlation layer.
GOCor [248] further improves GLU-Net [249] by replacing the correlation layer with online
optimization. Other methods, such as RANSAC Flow [217], iteratively recover a homography
transformation to reduce the visual difference between the source and support images.

Though dense methods estimate more correspondences than sparse methods, it is less favored
for geometric matching. Until recently, PDC Net+ [250] and DKM [68] close the gap between
dense and sparse methods. Both methods model the dense match as probability functions. PDC
Net+ adopts a mixture Laplacian distribution while DKM models with the Gaussian Process (GP).
Furthermore, they estimate a confidence score to remove false positive results. We follow [250, 68]
in the confidence estimation. However, instead of applying probabilistic regression, we keep the
correlation based explicit matching process. This saves the computation of the inverse matrix
required in the GP Regression of DKM. Also, we apply a unique architecture design to benefit from

the MIM pretexting task.
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Figure 3.5 Visual Quality of the Reconstruction. We visualize 4 reconstructed images using
estimated dense correspondences. In each group, from left to right is the source image, support
image, and the reconstructed image. The areas of low confidence are filled with white color.
In ScanNet where the confidence groundtruth is not available, we use forward-backward flow
consistency mask as a replacement.

3.3 Method
In this section, we first introduce the proposed dense geometric matching method. Then we
discuss how to pretext the network via the paired masked image modeling. Fig. 6.3 depicts our

framework in finetuning and pretexting stages.

3.3.1 Dense Geometric Matching

Dense geometric matching computes the dense correspondences between the source image I;
and support image I,. Under the estimated correspondences 7', source image I; can be recovered
from support image I, by applying bilinear sampling at 7. Since the dense correspondences
between I} and I, is not guaranteed to exist at each pixel location, we follow [68] in estimating
confidence P to indicate the fidelity of the prediction.
Feature Extraction. As shown in Fig. 6.3, we adopt a multi-scale ResNet-based [104] feature
extractor Ey. Taking the source frame I; as an example, we produce the multiscale feature

embeddings as:

(o7 e e = Eo(1h). (3.1)
For the input image I; of resolution H X W, the scale s indicates a feature map of resolution
H/sxW/s.
Cross-Frame Global Matching The cross-frame global matching module (CFGM) is designed

to accomplish coarse-scale geometric matching. To benefit from the MIM pretext task, we first
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process the scale s = 8 feature map goizg with the transformer block [123]:
@B =T ). (32)

In the pretraining stage, the masked feature map is recovered by the appended transformer blocks.
Then, we follow LoFTR [234] in using linear transformer blocks to correlate the source and support

frame feature:
@758 = Lo(of™, 057, (3.3)

To compute the global matching results, we first compute the 4D correlation volume C (E“I:S , Egzg) €

RH/SXW/SXH/SXW/S, where:

1 —s= —s=
Cijrr = Z y ("Di 8)ijh ' ((’03 8)k1h’ 34)
7

where 7y is a temperature scalar. The coarse matches are computed as a summation over pixel
locations X € RF/BW/x2 weiohted by the softmaxed correlation volume. That is, after the

correlation volume C being reshaped to C € RU/8)W/BXH/B)W/S) e apply the softmax:

C,‘j = softmax(Cij). 3.5)

Here, element C;; is a size (H/8)(W/8) x 1 vector. We conclude the coarse global matching results
as:

758 = C x X. (3.6)

Note, Eqn. 3.6 will cause ambiguous results when multiple similar textureless local patches exist,
i.e., multiple peak values in softmaxed correlation vector 6‘,; To resolve this, we modify Eqn. 3.6
with:

758 ps=8 = p, (6 x M(X)) : (3.7)
where M (X) is cosine positional embeddings with learnable tokens [234, 68], projecting the 2D
pixel locations to a high dimensional space to avoid ambiguity when multiple similar patches exist.

The decoder Dy decodes T*s:g, initial correspondences estimation at scale s = 8, and Pizg, initial

confidence estimation.
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Methods Venue Dense Match PCK T Run-
@lpx @3px @5px time (ms)
RANSAC-FLow [217] ECCV’20 53.47 83.45 86.81 3,596

PDC-Net [314] CVPR’21  71.81 89.36 91.18 1,017
PDC-Net+ [250] Arxiv’21 74.51 90.69 92.10 1,017
LIFE [113] Arxiv’21 39.98 76.14 83.14 78
GLU-Net-GOCor [248] NeurIPS’20 57.77 78.61 82.24 71
PDC-Net [314] CVPR’21  68.95 84.07 85.72 88
PDC-Net+ [250] Arxiv’2l 7241 86.70 88.12 88
PMatch (Ours) CVPR’23  79.83 95.18 96.52 124

Table 3.1 MegaDepth Dense Geometric Matching. The running time of all methods is measured
at the resolution 480 x 480. The upper and lower groups are methods running multiple or single
times. [Key: Red color marks Best, Blue color marks the Second Best]

Multi-Scale Refinement We follow [68] in using the multi-scale refinement module:
AT*, AP* = Ro(g}, £(¢5,T*)), (3.8)

where function f(-) indicates the bilinear interpolation to align the support frame feature using the
current estimated correspondences 7°, shown in Fig. 6.3. To accommodate the transfer between
pretexting and finetuning stage, we apply depth-wise convolution [68] in Ry. We detail the
discussion in Fig. 3.3 and Sec.3.3.2. The correspondences and confidence on the next scale are
initialized with the bilinear upsampling.

3.3.2 Paired MIM Pretraining

Paired Masked Image Modeling (MIM) MIM is extensively adopted in image classification
task [103, 292]. An image classification network can be further improved after MIM pretexting.
As shown in Fig. 7.1 and 3.4, the network reconstructs the input from randomly masked feature
embeddings at a specific scale. In this work, we investigate the benefit of pretraining both the
encoder and decoder under MIM. Compared to only pretraining the encoder, pretraining the whole
network further reduces the domain gap between pretexting and finetuning tasks.

Masking Strategy We follow SimMIM [292] in using randomly selected 32 X 32 mask patches
with a predefined masking ratio | and r, for source and support frames. For source view, given the
feature embeddings gai:z output by the extractor Ey at scale s = 2, we apply the randomly generated

mask w to mask out the feature embeddings, i.e.:

SD_;:Z’ = Sp‘izz * (1 - W) +X*W, (39)
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Category Methods Venue Pose Estimation AUC T
@5° @10° @20°
Sparse SuperGlue [204] CVPR’19 422 61.2 75.9
W/ Detector SGMNet [144] Pattern’20 40.5 59.0 72.6
DRC-Net [152] ICASSP’22 27.0 429 58.3
LoFTR [234] CVPR’21 52.8 69.2 81.2
Sparse QuadTree [239] ICLR’22 546 70.5 82.2
Wo/ Detector MatchFormer [271] ACCV’22 53.3 69.7 81.8
ASpanFormer [38] ECCV’22 553 71.5 83.1
PDC-Net+ [250] Arxiv’19  43.1 619 76.1
Dense DKM [68] CVPR’23  60.5 749 85.1
PMatch (Ours) CVPR’23 614 75.7 85.7

Table 3.2 MegaDepth Two-View Camera Pose Estimation. We compare three groups of methods
following SuperGlue [204] in evaluation. The pose AUC error is reported. Our method shows
substantial improvement. [Key: Red color marks Best, Blue color marks the Second Best]

where X is the learnable mask tokens. Note, our extractor Ey starts from a 3 X 3 convolution kernel
to avoid leakage of the masked patches.
Prediction Heads Different from SimMIM [292], our prediction heads include most network

components of the decoder. We complete the masked feature embeddings with the transformer as:
o = To(p™). (3.10)

Here, we use the same notation as Eqn. 3.2 since both indicate image features at the scale s = 8.
Note that the subsequent network component LoFTR is a series of linear transformer blocks [123]
which reduce the quadratic computational complexity to linear. However, empirically we find the
linear transformer poorly recovers the masked patches. We thus append the transformer blocks.
As shown in Fig. 6.3, after Eqn. 3.10, we feed the completed feature map to CFGM. Note the
refiner between the two stages is different. Instead of taking a stacked feature map (Eqn. 3.8), in

pretexting we only take in a single feature map:
AL} = Ry (), AL = Ry(s). (3.11)

To account for the difference between Eqn. 3.8 and Eqn. 3.11, we apply depth-wise convolution,
where each convolution kernel operates on one channel of the feature map, shown in Fig. 3.3.
Since f (cpi, T°) in Eqn. 3.8 is a resampled support frame feature, it imposes minimal distribution
difference to ¢3. Then, while transferring from the pretexting task to the downstream task, we

only need to duplicate the channel of Ry to complete the initialization. We follow SimMIM [292]
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(a) Source Frame I} (b) Supp. Frame I, (c) PMatch (Ours) (d) DKM [68] (e) LoFTR [234]

Figure 3.6 Visual Comparisons. We conduct the visual comparison against the SoTA dense [68]
and sparse [234] methods on the MegaDepth and the ScanNet datasets. The color from blue to red
indicates an increment in the end-point-error (L2 error).

in estimating full resolution residual RGB images in each scale of the decoder. We visualize the
reconstructed paired masked images in Fig. 3.4.

Network Components not included in pMIM Since the feature map at s = 2 contains little
information about masked patches, the pretraining only includes refinement modules at scale s = 4
and s = 8. Furthermore, the CFGM decoder Dy and part of Ry are not included. We pretrain the

rest network component with synthetic image pairs [250].

Prediction Objective Set the accumulated reconstruction at each scale s as I, we regress the raw

pixel value with an /; loss:

1
L=, (5 =L+ I - Tly). (3.12)
s

where N is the number of unmasked pixels.
3.3.3 Dense Geometric Matching Loss

Homography Loss The image correspondences between two planar structures are constrained by
a 3 X 3 homography matrix H with 8 DoF. Compared to correspondences estimation over arbitrary

shapes, the correspondences in planar structures possess a lower rank. Given a surface normal n
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computed using the depth gradient [177], the homography of the pixel can be computed as:

hT
1 ¢
H=|nl| =K, (R+gn) K, (3.13)
hT

where the K; and K are intrinsic matrices of I} and I, R and t are camera rotation and translation,
and d is the pixel depth. We randomly sample K anchor points {p,, | 1 < m < K}. For each anchor
point p,,, we sample K candidate points {q | 1 < n < K}. We determine a co-planar indicator
matrix O* of size K X K to suggest all co-planar pairs. We use the normal consistency, point-
to-plane distance, and homography consistency to compute the co-planar groundtruth, detailed
in Supp. Finally, we apply a gradient-based penalty, penalizing the correspondences difference

between the estimation and the groundtruth.

L= |01+| Yo -13) - (To-Ta) I (3.14)

Op.q=1
Global Matching Loss Following [234], we minimize a binary cross-entropy loss over the corre-

lation volume C after a dual-softmax operation:
Cijkl/ = softmax(C;;) - softmax(Cy;), (3.15)

where C;; and Cy; are (H/8)(W/8) x 1 vectors. The loss is defined as:

1 —
Ly =- ] Z log Cijxs

IM*]
| jkleM ( ) (3.16)
e Z log (1 -Ciji ) »
IM |ijkleM‘

where M* and M~ are groundtruth indicator matrix of size H X W x H X W indicating whether a
source frame pixel (i, j) pairs with a target frame pixel (k, /).
Refinement Loss Following [68], we supervise both correspondences and confidence on each

scale of the predictions,

L= (3.17)

s —S
Iy - Ty

1
[P Z

2
2
ijepPt
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Category Methods Venue Pose Estimation AUC 7
@5° @l10° @20°
Sparse SuperGlue [204] CVPR’19 162 33.8 51.8
W/ Detector SGMNet [144] PR’20 154 32.1 48.3
DRC-Net [152] ICASSP’22 7.7 179 30.5
LoFTR [234] CVPR’21 22.0 40.8 57.6
Sparse QuadTree [239] ICLR’22 249 44.7 61.8
Wo/ Detector MatchFormer [271] ACCV’22 243 439 61.4
ASpanFormer [38] ECCV’22 25.6 46.0 63.3
PDC-Net+ [250] Arxiv’19  20.2 394 57.1
Dense DKM [68] CVPR’23 294 50.7 68.3
PMatch (Ours) CVPR’23 294 50.1 67.4

Table 3.3 ScanNet Two-View Camera Pose Estimation. We follow SuperGlue [204] in the testing
protocol. The pose AUC error is reported. Our method achieves clear improvement over other
baselines. [Key: Red color marks Best, Blue color marks the Second Best]

where P;rj is a H X W matrix that indicates whether a valid pair is found at pixel location ij in the

source frame. Similarly, the loss of confidence is defined as:

Li=-

1
Z log(P;;) — B Z log(1 — Pyj). (3.18)

1
+
|P | ijeP* ijeP~

Total Loss The total loss is a weighted summation of proposed losses:
1 N N 1 s
L= ZZ(L,+WCLC)+wg.Lg+ZWhZLh. (3.19)

The constant 4 comes from the four scales s = {1, 2,4, 8} set in our paper.

3.4 Experiments

We first compare with other SOTA dense matching methods on the MegaDepth dataset. Then,
to comprehensively reflect the contributions from both the density and accuracy of geometric
matching, we follow [234, 68] in using the two-view relative camera pose estimation performance as
the metric. We report on both the outdoor scenario MegaDepth [146] dataset and the indoor scenario
ScanNet [52] dataset. We additionally evaluate on the HPatches [7] and the YFCC100m [243]

datasets to demonstrate the generalizability of the model.
3.4.1 Implementation Details

Pretext stage From DeMoN [258], BlendedM VS [300], HyperSim [200], ARKitScenes [13], and
TartanAir [275] datasets, we collect a pretraining dataset of 1,281, 167 image pairs, i.e., the same

size as ImageNet [59]. Each pair is collected with a fixed frame index interval. In the pretraining

40



Methods Venue Pose Estimation AUC T Pose Estimation mAP T
@5° @l10° @20° @5° @10° @20°
RANSAC-Flow [217] ECCV’20 - - - 649 733 81.6
PDC-Net [252] CVPR’21 357 55.8 72.3 63.9 73.0 81.2
PDC-Net+ [250] Arxiv’21 37.5 58.1 74.5 674 76.6 84.6
OANet [54] ICCV’19 - - - 52.2 -
CoAM [282] CVPR’21 - - - 55.6 66.8 -
PDC-Net [252] CVPR’21 322 52.6 70.1 60.5 709 80.3
PDC-Net+ [250] Arxiv’21l 34.8 55.4 72.6 63.9 73.8 82.7
ASpanFormer [38] ECCV’22 44.5 63.8 78.4 - - -
PMatch (Ours) CVPR’23 45.7 65.2 79.8 75.9 83.1 89.3

Table 3.4 YFCC100m Two-View Camera Pose Estimation. The upper group runs multiple times,
while the lower group runs a single time. We follow [314] in the evaluation and preprocessing,
reporting both pose AUC and mAP errors. [Key: Red color marks Best, Blue color marks the
Second Best]

dataset, we train the model using a batchsize of 128 under the resolution 192 x 256. We use the
Adam optimizer [127] with a learning rate 2¢™*, running for 250k steps on 2x A100 GPUs. We
stack 1 transformer layer. We initialize the masking ratio r; = 75% and r, = 75%. The masking
operation applies to the ResNet, causing significantly different batch statistics between masked
and unmasked inputs. Since the downstream task takes the unmasked image, we linearly reduce
the support frame masking ratio r; to 0 and use a different batch normalization layer for support
view, resolving the batch statistics difference. We also apply the synthetic image pair augmentation
introduced in [250].

Finetuning stage Our model trains with a batchsize of 16 at the resolution 544 x720. The learning
rate is set to 4e~*, running 250k steps with a warmup of 25k steps. On 4x A100 GPUs, we train
for 5 days with the Adam optimizer. We follow [234] in sampling the paired images, weighted by
the sequence length and overlap ratio. The softmax temperature y is 0.1. We set loss weight w to
0.7 and wy, to 0.02. We sample 600 x 600 points for homography loss L.

3.4.2 Datasets

MegaDepth MegaDepth [146] collects over 10 thousand images of worldwide landmarks from the
Internet. The collected images are processed by COLMAP [209] to produce groundtruth poses and
depthmaps. The dataset collects images of significant visual contrast due to lighting conditions,

view angles, and imaging devices. This imposes challenges to geometric matching.
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ScanNet [52] is a large-scale indoor dataset with 1, 613 videos captured by RGB-D cameras. There
are challenging textureless indoor scenes for geometric matching.

YFCC100m [243] is a large multi-media dataset. A subset of 72 reconstructions of tourist
landmarks is generated with groundtruth poses and depthmap.

Hpatches provides the pair of one source and five support images taken under different view angles

and lighting conditions with groundtruth homography transformation.

3.4.3 Dense Geometric Matching

We follow the RANSAC-Flow [217] in training and testing split on the MegaDepth dataset.
The PCK scores in Tab. 3.1 refer to the thresholded keypoints accuracy. We divide the baseline
methods into single and multiple run methods. Note, the baseline methods PDC Net [252] and
PDC Net+ [250] consume the additional synthetic data generated using COCO [149] instance
segmentation label. For PCK @ 1px, we outperform the SOoTA single and multiple run methods
by an absolute margin of 4.89% and 6.99% respectively. Meanwhile, we are about 8% faster than
SoTA baselines while suppassing SoTA performance.
3.4.4 Two-View Camera Pose Estimation
Evaluation Protocol In the MegaDepth, ScanNet, and Hpatches datasets, we follow the evaluation
protocol of [204, 234, 68] in reporting the pose accuracy AUC curve thresholded at 5, 10, and 20
degrees. In the YFCC100m dataset, we follow the protocol of RANSAC-Flow [217], additionally
reporting the pose mAP value. The pose estimation is considered an outlier if its maximum degree
error of translation or rotation exceeds the threshold. The two-view relative pose is estimated using
the five-point algorithm [181] with RANSAC [62] via the OpenCV implementation [27].
Baseline Methods We compare with three groups of the methods, i.e., sparse methods with
detector [204, 144], sparse methods without detector [152, 234, 239, 271, 38] and dense meth-
ods [250, 68, 217, 252, 54, 282]. For sparse detector based methods, we use SuperPoint [63] as the
keypoint detector. For dense methods, we further categorize them into single-run and multiple-run
methods. For multiple-run methods, e.g., RANSAC-Flow [217], it repeats the prediction while

reducing the visual difference with an estimated homography transformation. Among baselines,
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AspanFormer [38] is a recent publicly available sparse detector-free method, improving LofTR
with a sophisticated attention mechanism.

Outdoor Dataset We test our method on the outdoor dataset MegaDepth. We follow the training
and validation split of [204, 234, 68]. The evaluation split contains 1, 500 paired images randomly
selected from the scene 0015 and 0022. As shown in Tab. 3.2, we achieve an absolute improvement
of 0.9% over the recent SOTA dense method DKM [68]. Compared to the SoTA sparse method
ASpanFormer [38], we maintain an improvement of 6.1%.

Indoor Dataset We test our method on the indoor dataset ScanNet. We follow [68] in training and
testing protocol, resizing images to 480 x 640. The validation split of ScanNet consists of 1, 500
image pairs [204]. In Tab. 7.3, we maintain competitive performance with the SoTA dense method
DKM [68] and outperform SoTA sparse method by 1.4%.

Generalization to YFCC100m We use the MegaDepth trained model to test on YFCC100m [243]
dataset. We follow the preprocessing steps of [314], evaluated on 4 scenes with a total of 1,000
images. During the evaluation, we resample the input images of the shorter side to 480. Tab. 3.4
shows that our method can achieve a superior generalization ability, maintaining an improvement
of 1.2% over SOTA sparse methods [38].

Generalization to HPatches Following LoFTR [234], we test the MegaDepth dataset trained model
on HPatches. In evaluation, the homography matrix is estimated using OpenCV’s implementation.
We compare correspondences accuracy computed using the groundtruth and estimated homography.
The image pairs in HPatches have lighting differences or view differences. The pattern is different
from the training dataset MegaDepth. Under the unseen testing scenario, our model generalizes

best among baselines.
3.5 Ablation Study

Qualitative Comparison The visual quality of reconstructed images using the predicted corre-
spondences is visualized in Fig. 3.5. We conduct a visual comparison with other SOoTA dense and
sparse methods in Fig. 3.6. In Row 1, (c), and (d), compared to DKM [68], the proposed CFGM

module achieves correct initial correspondences. In Row 1, (¢), and (e), compared to LoFTR [234],
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Category Methods Venue Pose Estimation AUC T
@3px @5px @10px
D2Net [67] CVPR’19 232 359 53.6
Sparse R2D2[199]  NeurIPS’19 50.6  63.9 76.8
W/ Detector DISK [255] NeurIPS’20 52.3 64.9 78.9
SuperGlue CVPR’19 539 683 81.7
NCNet [201] ECCV’20 489 542 67.1
Sparse DRC-Net [152] ICASSP’22 50.6  56.2 68.3
Wo/ Detector  LoFTR [234] CVPR’21 659 75.6 84.6
DKM [68] CVPR’23 71.3  80.6 88.5
PMatch (Ours) CVPR’23 719  80.7 88.5

Dense

Table 3.5 Hpatches Homography Estimation. We follow [234] in evaluation protocol. We report
the corner point AUC error under the estimated homography matrix. [Key: Red color marks Best,
Blue color marks the Second Best]

Baseline CFGM Ly pMIM Encoder pMIM Decoder Pose Estimation AUC T
(Eq, Ty, Lo) (Ro) @5° @10° @20°
56.1 715 83.0

v

v v 575 72.6 83.9
v v v 579 729 84.1
v v v v 60.6 75.0 85.3
v v v v v 614 757 85.7

Table 3.6 Ablation Studies on MegaDepth. The baseline method is the network in Fig. 6.3 with
only a LoFTR module, i.e., without the other components of CFGM. The ablation is conducted
under the same training and testing resolution as Tab. 3.2. Bold marks best.

multi-scale dense refinement improves fine-scale correspondence accuracy. In Row 2, (¢), (d), and
(e), our CFGM and homography loss achieve accurate correspondence estimation on textureless
planar surface, e.g., the black wall behind the sofa.

Running Time Evaluated on an RTX 2080 Ti GPU, we run 160 ms for an image of 480 x 640
while LoFTR [234] runs 116 ms and DKM [68] runs 148 ms. Our model runs similarly compared
to the baselines. The running time comparison to other dense methods is in Tab. 3.1.

Benefit of the paired MIM pretraining Shown in Tab. 7.5, with the paired MIM pretext task, the
pose accuracy thresholded at 5° improves by 3.5% = 61.4% — 57.9%. A visual result of the paired
MIM task is shown in Fig. 3.4.

CFGM and Homography Loss The benefit of the proposed CFGM module and homography loss
Lj is included in Tab. 7.5. They help the network predict more accurate results in textureless planar

surfaces.
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3.6 Conclusion

This work investigates the benefit of pretraining the encoder and decoder of a dense geometric
matching network under the paired MIM task. We solve the discrepancy between the pretraining
and finetuning tasks. Also, we contribute an improved geometric matching network by reducing
the ambiguity of textureless patches and augmenting the learning of local planar surfaces.
Limitation Our method does not produce robust local descriptors. When registering a keypoint,
our method needs to run dense matching over all past frames, imposing latency for time-sensitive

applications, e.g., odometry estimation.
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CHAPTER 4

TAME A WILD CAMERA: IN-THE-WILD MONOCULAR CAMERA CALIBRATION
3D sensing for monocular in-the-wild images, e.g., depth estimation and 3D object detection,
has become increasingly important. However, the unknown intrinsic parameter hinders their
development and deployment. Previous methods for the monocular camera calibration rely on
specific 3D objects or strong geometry prior, such as using a checkerboard or imposing a Manhattan
World assumption. This work solves the problem from the other perspective by exploiting the
monocular 3D prior. Our method is assumption-free and calibrates the complete 4 Degree-of-
Freedom (DoF) intrinsic parameters. First, we demonstrate intrinsic is solved from two well-studied
monocular priors, i.e., monocular depthmap, and surface normal map. However, this solution
imposes a low-bias and low-variance requirement for depth estimation. Alternatively, we introduce
a novel monocular 3D prior, the incidence field, defined as the incidence rays between points in
3D space and pixels in the 2D imaging plane. The incidence field is a pixel-wise parametrization
of the intrinsic invariant to image cropping and resizing. With the estimated incidence field, a
robust RANSAC algorithm recovers intrinsic. We demonstrate the effectiveness of our method by
showing superior performance on synthetic and zero-shot testing datasets. Beyond calibration, we
demonstrate downstream applications in image manipulation detection & restoration, uncalibrated

two-view pose estimation, and 3D sensing.

4.1 Introduction

Camera calibration is typically the first step in numerous vision and robotics applications [99,
164] that involve 3D sensing. Classic methods enable accurate camera calibration by imaging
a specific 3D structure such as a checkerboard [192]. With the rapid growth of monocular 3D
vision, there is an increasing focus on 3D sensing for in-the-wild images, such as monocular depth
estimation, 3D object detection, and 3D reconstruction. While techniques of 3D sensing over
in-the-wild monocular images developed, camera calibration for such in-the-wild images continues
to pose significant challenges.

Classic methods for monocular calibration use strong geometry prior, such as using a checker-
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Figure 4.1 In (a), our work focuses on monocular camera calibration for in-the-wild images. We
recover the intrinsic from monocular 3D-prior. In (c) - (e), an estimated depthmap is converted
to surface normal using a groundtruth and noisy intrinsic individually. Noisy intrinsic distorts
the point cloud, consequently leading to inaccurate surface normal. In (e), the normal presents a
different color to (d). Motivated by the observation, we develop a solver that utilizes the consistency
between the two to recover the intrinsic. However, the solution exhibits numerical instability. We
then propose to learn the incidence field as an alternative 3D monocular prior. The incidence field
is the collection of the pixel-wise incidence ray, which originates from a 3D point, targets at a 2D
pixel, and crosses the camera origin, as shown in (b). Similar to depthmap and normal, a noisy
intrinsic leads to a noisy incidence field, as in (e). By same motivation, we develop neural network
to learn in-the-wild incidence field and develop a RANSAC algorithm to recover intrinsic from the
estimated incidence field.

board. However, such 3D structures are not always available in in-the-wild images. As a solution,
alternative methods relax the assumptions. For example, [111] and [91] calibrate using common
objects such as human faces and objects’ 3D bounding boxes. Another significant line of re-
search [133, 208, 61, 10, 281, 293, 136] is based on the Manhattan World assumption [49], which
posits that all planes within a scene are either parallel or perpendicular to each other. This assump-
tion is further relaxed [284, 109, 121] to estimate the lines that are either parallel or perpendicular
to the direction of gravity. The intrinsic parameters are recovered by determining the intersected
vanishing points of detected lines, assuming a central focal point and an identical focal length.
While the assumptions are relaxed, they may still not hold true for in-the-wild images. This
creates a contradiction: although we enable robust models to estimate in-the-wild monocular
depthmap, generating its 3D point cloud remains infeasible due to the missing intrinsic. A similar
challenge arises in monocular 3D object detection, as we face limitations in projecting the detected

3D bounding boxes onto the 2D image. In AR/VR applications, the absence of intrinsic precludes
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placing multiple reconstructed 3D objects within a canonical 3D space. The absence of a reliable,
assumption-free monocular intrinsic calibrator has become a bottleneck in deploying these 3D
sensing applications.

Our method is motivated by the consistency between the monocular depthmap and surface
normal map. In Fig. 7.1 (c) - (e), an incorrect intrinsic distorts the back-projected 3D point cloud
from the depthmap, resulting in distorted surface normals. Based on this, intrinsic is optimal
when the estimated monocular depthmap aligns consistently with the surface normal. We present a
solution to recover the complete 4 DoF intrinsic by leveraging the consistency between the surface
normal and depthmap. However, the algorithm is numerically ill-conditioned as its computation
depends on the accurate gradient of depthmap. This requires depthmap estimation with low bias
and variance.

To resolve it, we propose an alternative approach by introducing an additional novel 3D monoc-
ular prior in complementation to the depthmap and surface normal map. We refer to this as the
incidence field, which depicts the incidence ray between the observed 3D point and the projected
2D pixel on the imaging plane, as shown in Fig. 7.1 (b). The combination of the incidence field
and the monocular depthmap describes a 3D point cloud. Compared to the original solution, the
incidence field is a direct pixel-wise parameterization of the camera intrinsic. This implies that a
minimal solver based on the incidence field only needs to have low bias. We then utilize a deep
neural network to perform the incidence field estimation. A non-learning RANSAC algorithm is
developed to recover the intrinsic parameters from the estimated incidence field.

We consider the incidence field a monocular 3D prior. Similar to depthmap and surface normal,
the incidence field is invariant to the image cropping or resizing. This encourages its generalization
over in-the-wild images. To empirically support our argument, we collected multiple public datasets
into a comprehensive dataset with diverse indoor, outdoor, and object-centric images captured by
different imaging devices. We further boost the variety of intrinsic by resizing and cropping the
images in a similar manner as [91]. Finally, we include zero-shot testing samples to benchmark

real-world monocular camera calibration performance.
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[317, 318, 138, 316, 313, 111, 91] [133, 208, 281, 136] [109, 138] [121] Ours
DoF 4 1 1 3 4
Assumption Specific-Objects Manhattan Manhattan-Train Manhattan-Train None
Train Data - - Panorama Image Panorama Image Calibrated Image

Table 4.1 Camera Calibration Methods from Strong to Relaxed Assumptions. Non-learning
methods [317, 318, 138, 316, 313, 111, 91, 133, 208, 281, 136] rely on strong assumptions.
Learning based methods [109, 138, 121] relax the assumptions to training data. Our method makes
no assumptions in either training or testing. This enables training with any calibrated images while
[109, 138] consume panorama images. Despite that, we calibrate complete 4 DoF intrinsic.

We showcase downstream applications that benefit from monocular camera calibration. Despite
the aforementioned 3D sensing tasks, we present two intriguing additional applications. One is
detecting and restoring image resizing and cropping. When an image is cropped or resized, it
disrupts the assumption of a central focal point and identical focal length, leading to irregular
intrinsic. Using the estimated intrinsic parameters, we restore the edited image by adjusting its
intrinsic to a regularized form. The other application involves two-view uncalibrated camera pose
estimation. With established image correspondence, a fundamental matrix [100] is determined.
However, there does not exist an injective mapping between the fundamental matrix and camera
pose [99]. This raises a counter-intuitive fact: inferring the pose from two uncalibrated images is
infeasible. But our method enables uncalibrated two-view pose estimation via applying monocular
camera calibration.

We summarize our contributions as follows:

o Our approach tackles monocular camera calibration from a novel perspective by relying on
monocular 3D priors. Our method makes no assumption for the to-be-calibrated image.

¢ Our algorithm provides robust monocular intrinsic estimation for in-the-wild images, accompanied
by extensive benchmarking and comparisons against other baselines.

o We demonstrate its benefits on additional intriguing diverse and novel downstream applications.
4.2 Related Works

Monocular Camera Calibration with Geometry. One line of work [133, 208, 61, 10, 281,
293, 136] assumes the Manhattan World assumption [49], where all planes in 3D space are either

parallel or perpendicular. Under the assumption, line segments in the image converge at the
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vanishing points, from which the intrinsic is recovered. LSD [262] and EDLine [3] develop robust
line estimators. Others jointly estimate the horizon line and the vanishing points [311, 224, 141]. In
Tab. 4.1, recent learning-based methods [283, 284, 109, 138, 121] relax the assumption to training
data. They train the model using panorama images whose vanishing point and horizon lines are
known. Still, the assumption constrains [283, 284, 109, 138] in modeling intrinsic as 1 DoF camera.
Recently, [121] relaxes the assumption to 3 DoF via regressing the focal point. In comparison,
our method makes no assumption. This enables us to calibrate 4 DoF intrinsic and train with any

calibrated images.

Monocular Camera Calibration with Object. Zhang’s method [317] based on a checkerboard
pattern is widely regarded as the standard for camera calibration. Several works generalize this
method to other geometric patterns such as 1D objects [318], line segments [316], and spheres [313].
Recent works [111] and [91] extend camera calibration to real-world objects such as human faces.
Optimizers, including BPnP [37] and PnP [233] are developed. However, the usage of specific
objects restricts their applications. In contrast, our approach applies to any image.

Image Cropping and Resizing. Detecting content-based image manipulation [155] is exten-
sively researched. But few studies geometric manipulation, such as resizing and cropping. On
resizing, [56] regresses the image aspect ratio with a deep model. On cropping, a recent proactive
method [306] is developed. We demonstrate image calibration also addresses image geomet-
ric manipulation. Our method does not need to encrypt images, complementing content-based
manipulation detection.

Uncalibrated Two-View Pose Estimation. With the fundamental matrix estimated, the two-view
camera pose is determined up to a projective ambiguity if images are uncalibrated. Alternative
solutions [235, 125, 169] exist by employing deep networks to regress the pose. However, regression
hinders the usage of geometric constraints, which proves crucial in calibrated two-view pose
estimation [322, 240, 218]. Other work [101, 76] use more than two uncalibrated images for pose
estimation. Our work complements prior studies by enabling a minimum uncalibrated two-view

solution.
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Figure 4.2 We illustrate the framework for the proposed monocular camera calibration algorithm.
In (a), a deep network maps the input image I to the incidence field V. A RANSAC algorithm
recovers intrinsic from V. In (b), we visualize a single iteration of RANSAC. An intrinsic is
computed with two incidence vectors randomly sampled at red pixel locations. From Eq. (4.2),
an intrinsic determines the incidence vector at a given location. The optimal intrinsic maximizes
the consistency with the network prediction (blue and orange). Subfigure (c) details the RANSAC
algorithm. Different strategies are applied depending on if a simple camera is assumed. If not
assumed, we independently compute (fy,b,) and (fy, by). If assumed, there is only 1 DoF of
intrinsic. We proceed by enumerating the focal length within a predefined range to determine the
optimal value.

4.3 Method

In this section, we first show how to estimate intrinsic parameters by using monocular 3D priors,
such as the surface normal map and monocular depthmap. We then introduce the incidence field as
a new monocular 3D prior, which complements the surface normal map and monocular depthmap.
We describe the training strategy and the network used to learn the incidence field. After estimating
the incidence field, we present a RANSAC algorithm to recover the 4 DoF intrinsic parameters.
Lastly, we explore various feasible downstream applications of the proposed algorithms. As this
work focuses on studying intrinsic parameters in monocular images captured by modern imaging
devices, we ignore the estimation of skew, radial, or tangential distortion. Fig. 6.3 shows algorithm
framework.

4.3.1 Intrinsic Calibration from Monocular 3D Priors

Our method aims to use generalizable monocular 3D priors without assuming the 3D scene
geometry. Hence, we start with monocular depthmap D and surface normal map N. Assume
there exists a learnable mapping between the input image I, depthmap D, and normal map N:

D,N = Dy(I), where Dy can be a learned network. We denote the intrinsic Kgimpie, K, and its
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inverse K! as:

f 0 W/2 f;c 0 bx 1/fx 0 _bx/f;c
Kimple = [0 f h/2|, K=|0 f b, K'=| 0 1/f -by/f| (4.1)
00 1 0 0 1 0 0 1

The notation Kgjmple suggests a simple camera model with the identical focal length and central
focal point assumption. Given a 2D homogeneous pixel location pT = [x y 1] and its depth

value d = D(p), the corresponding 3D point is defined as:

x—by

X * A
P=d-|y|=d-K'|y|=4d- y—fby =d-v, (4.2)

Jy

1 1 1

where the vector v is an incidence ray, originating from the 3D point P, directed towards the 2D
pixel p, and passing through the camera’s origin. The incidence field is determined by the collection
of incidence rays associated with each pixel, where v = V(p).

4.3.2 Intrinsic from Monocular 3D Prior Constraints

In this section, we explain how to determine the intrinsic matrix K using the estimated surface
normal map N and depthmap D. Given the estimated depth d = D(p) and normal n = N(p) at 2D

pixel location p, a local 3D plane is described as:
n"-d-v+c=0. 4.3)
By taking derivative in x-axis and y-axis directions, we have:
n'V,(d-v)=0, n'V,(d-v)=0. (4.4)

Note the bias b of the 3D local plane is independent of the camera projection process. Without loss

of generality, we show the case of our method for x-direction. Expanding Eq. (4.4), we obtain:

-b -b,
X x)+n2y Y

Jx Iy

where V,(d) represents the gradient of the depthmap D in the x-axis and can be computed, for

anx(d :

V.(d) +n3V,(d) =0, 4.5)

example, using a Sobel filter [129]. Next, re-parametrize the unknowns in Eq. (4.5) to get:
alfxfy + azfxby + agfybx + a4fy + 6l5f,C =0. (4.6)
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(c) RGB Image 1 (d) Incidence Field V

Figure 4.3 In (a) and (b), we highlight the ground truth depthmap of a smooth surface, such as
a table’s side. Even with the ground truth depthmap, the resulting surface normals exhibit noise
patterns due to the inherent high variance. This makes the intrinsic solver based on the consistency
of the depthmap and surface normals numerically unstable. Further, (a)-(d) demonstrate a scaling
and cropping operation applied to each modality. In (c), the intrinsic changes per operation, leading
to ambiguity if a network directly regresses the intrinsic values. Meanwhile, the FoV is undefined
after cropping. In comparison, the incidence field remains invariant to image editing, same as the
surface normal and depthmap.

Divide both sides of the equation by f; to get:

aji fy + axby + asrby + agr +as =0, 4.7)

where r = % By stacking Eq. (4.7) with N > 4 randomly sampled pixels, we acquire a linear

system:

Anxa Xaxi = Buxi, (4.8)

.
where the intrinsic parameter to be solved is stored in a vector X1x1 =\fy by rby r| - This
solves the other intrinsic parameters as:

rbe

fy =1y by=by, fx= %’ by = “4.9)

The known constants are stored in matrix Ayx4 and Byyx;. If we choose N = 4 in Eq. (4.8), we
obtain a minimal solver where the solution X is computed by performing Gauss-Jordan Elimination.
Conversely, when N > 4, the linear system is over-determined, and X is obtained using a least

squares solver. The above suggests the intrinsic is recoverable from the monocular 3D prior.
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4.3.3 Incidence Field as Monocular 3D Prior

Eq. (4.9) relies on the consistency between the surface normal and depthmap gradient, which
may require a low-variance depthmap estimate. From Fig. 4.3, even groundtruth depthmap leads
to spurious normal due to its inherent high variance. Minimal solver in Eq. (4.9) can lead to a poor
solution.

As a solution, we propose to directly learn the incidence field V as a monocular 3D prior. In
Eq. (4.2) and Fig. 7.1, the combination of the incidence field V and the monocular depthmap D
creates a 3D point cloud. In Eq. (4.3), the incidence field V can measure the observation angle
between a 3D plane and the camera. Similar to depthmap D and surface normal map N, the
incidence field V is invariant to the image cropping and resizing. Consider an image cropping and

resizing described as:

Afy 0 Acy
X =AKx, AK=]| 0 Afy Acy|s K’ = AKK, (4.10)
0 O 1

where K’ is the intrinsic after transformation. The surface normal map N and depthmap D after

transformation is defined as:
N'(x') = N(x) = N(AK"'x), D'(x') = D(x) = D(AK™'X). 4.11)
Similarly, the incidence field after transformation is:
VE)=(K)'¥=K'(AK)' ¥ =K ! x=v=V(x). (4.12)

Eq. (4.12) suggests that the incidence field V is a parameterization of the intrinsic matrix that is
invariant to image resizing and image cropping. Other invariant parameterizations of the intrinsic
matrix, such as the camera field of view (FoV), rely on the central focal point assumption and only
cover a 2 DoF intrinsic matrix. An illustration is put in Fig. 4.3.

4.3.4 Learn Monocular Incidence Field

Given the strong connection between the monocular depthmap D and camera incidence field

V, we adopt NewCRFs [309], a neural network used for monocular depth estimation, for incidence
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field estimation. We change the last output head to output a three-dimensional normalized incidence

field V with the same resolution as the input image I. We adopt a cosine similarity loss defined as:

_ 1 Y _
V=DM, L= Z}: VT (%) Vi (X)) (4.13)

We normalize the last dimension of the incidence field to one before feeding to the RANSAC
algorithm. That is to say, VT (x;) = |$,/¥3 ¥,/¥3 1]T = [Vl v 1]T.
4.3.5 Intrinsic from Monocular Incidence Field

Since the network inference executes on GPU device, we adopt a GPU-end RANSAC algorithm
to recover the intrinsic K from the incidence field V. Unlike a CPU-based RANSAC, we perform
fixed K, iterations of RANSAC without termination. In RANSAC, we use the minimal solver to

generate K. candidates and select the optimal one that maximizes a scoring function (see Fig. 6.3).

RANSAC w.o Assumption. From Eq. (4.2), the incidence vector v relates to the intrinsic K as:

)
VT:K_lx:[x}fx Y}fy 1] . (4.14)

From Eq. (4.14), a minimal solver for intrinsic is straightforward. In the incidence field, randomly

T T
sample two incidence vectors (v!)T = [V)lc v; 1] and (v?)T = [v% V§ 1] . The intrinsic is:

1_,2 1_,2
fe = xl_xz fy:yl__yz
e : Py . (4.15)
1.1 1 2 2 10,1 1 2 2
by=5(x"—vifi +x°=vify) by =5(x" —vyfy +x* = vify)

Similarly, the scoring function is defined in x-axis and y-axis, respectively:

Ny i _ bx ) Ni i _ b )
pr(fer b (X} ¥} = ) (||" T <k (b xE VD = ) (ny — i<k
i=1 x i=1 Y

RANSAC w/ Assumption. If a simple camera model is assumed, i.e., intrinsic only has an
unknown focal length, it only needs to estimate 1-DoF intrinsic. We enumerate the focal length

candidates as:

() = Uin + 5~ Unas = foin) 10 <7< Ny, @17)
f
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Dataset Calibration Scene  ZS Syn. Perspective [121] Ours Ours + Asm.
ey ep ey ep ey ep
NuScenes [33] Calibrated  Driving X 0.610 0.248 0.102 0.087 | 0.402 0.400
KITTI [83] Calibrated  Driving X 0.670  0.221 0.111 0.078 | 0.383 0.368
Cityscapes [48] Calibrated  Driving X 0.713  0.334 | 0.108 0.110 | 0.387 0.367
NYUv2 [222] Calibrated  Indoor X 0.449  0.409 | 0.086 0.174 | 0.376 0.379
ARK:itScenes [13]  Calibrated Indoor X 0.362 0.410 | 0.140 0.243 | 0.400 0.377
SUN3D [289] Calibrated  Indoor X 0.442  0.501 0.113 0.205 | 0.389 0.383
MVImgNet [307] StM Object X 0.204  0.500 | 0.101 0.081 | 0.108 0.072
Objectron [2] Label Object X 0.178  0.339 | 0.078 0.070 | 0.088 0.079
MegaDepth [146] StM Outdoor X X 10493  0.000 |0.137 0.046 | 0.109 0.000
Waymo [235] Calibrated  Driving X 10564 0.020 |0.210 0.053 | 0.157 0.020
RGBD [232] Pre-defined  Indoor X 10264 0.000 |0.097 0.039 | 0.067 0.000
ScanNet [52] Calibrated Indoor X 10.385 0.010 0.128 0.041 | 0.109 0.010
MVS [80] Pre-defined  Hybrid X 10312  0.000 |0.170 0.028 | 0.127 0.000
Scenes11 [36] Pre-defined Synthetic X 10348  0.000 | 0.170 0.044 | 0.117 0.000

Table 4.2 In-the-Wild Monocular Camera Calibration. We benchmark in-the-wild monocular
camera calibration performance. On the training dataset except MegaDepth, we synthesize novel
intrinsic by cropping and resizing. Note the synthesized images violate the focal point and focal
length assumption. [Key: ZS = Zero-Shot, Asm. = Assumptions, Syn. = Synthesized]

The scoring function under the scenario is defined as the summation over x-axis and y-axis:

p(fAXEAVY = px(feo w/2,{x}{V}) + oy (fy, /2, {x}. {V}). (4.18)

4.3.6 Downstream Applications

Image Crop & Resize Detection and Restoration. Eq. (4.10) defines a crop and resize operation:
x' = AKx, K =AKK, TI'(x)=T(AKx)=I(x). (4.19)

When a modified image I’ is presented, our algorithm calibrates its intrinsic K’ and then:

Case 1: The original intrinsic K is known. E.g., determine K with the camera type through the
image-associated EXIF file [4]. Image manipulation is computed as AK = K’ K~!. A manipulation
is detected if AK deviates from an identity matrix. The original image restores as I(x) = I'(AK x).
Interestingly, the four corners of image I’ are mapped to a bounding box in original image I under
manipulation AK. We thus quantify the restoration by measuring the bounding box. See Fig. 6.7.
Case 2: The original intrinsic K is unknown. We assume the genuine image possess an identical
focal length and central focal point. Any resizing and cropping are detected when matrix K’ breaks
this assumption. Note, the rule can not detect aspect ratio preserving resize and centered crop. We
restore the original image by defining an inverse operation AK restore K’ to an intrinsic fits the

assumption.
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FoV (°) ‘ Upright [136] erceptual [109] CTRL-C [138] Perspective [121] ‘ Ours

PAMI'13 CVPR’18 Iccv21 CVPR'23 w/o Asm. w/ Asm.
Mean 9.47 4.37 3.59 3.07 2.49 2.47
Median 4.42 3.58 2.72 2.33 1.96 1.92

Table 4.3 Comparisons to Monocular Camera Calibration with Geometry on GSV dataset [5].
We follow the training and testing protocol of [138]. For a fair comparison, we convert the estimated
intrinsic to camera FoV on the y-axis direction, following [138, 121], and report our results w/ and
w/o the assumptions.

3D Sensing Related Tasks. With intrinsic estimated, multiple applications become available for
in-the-wild images. E.g., depthmap to point cloud, uncalibrated two-view pose estimation, and etc.

4.4 Experiments

4.4.1 Monocular Camera Calibration In-The-Wild

Datasets. Our method is trained whenever a calibrated intrinsic is provided, making it applicable
to a wide range of publicly available datasets. In Tab. 4.2, we incorporate datasets of different
application scenarios, including indoor, outdoor scenes, driving, and object-centric scenes. Dataset
MYVS [80] is a hybrid dataset involved with indoor, outdoor, and object-centric images. Many of the
datasets utilize only a single type of camera for data collection, resulting in a scarcity of intrinsic
variations. Similar to [138], we employ random resizing and cropping to synthesize more intrinsic,
marked in Tab. 4.2 column “Syn.”. In augmentation, we first resize all images to a resolution of
480 x 640. We then uniformly random resize up to two times its size and subsequently crop to a
resolution of 480 x 640. As MegaDepth [146] collects images captured by various cameras from
the Internet, we disable its augmentation. We document the intrinsic parameters of each dataset in
Supp.

In Tab. 4.2 column “Calibration”, we assess intrinsic quality into various levels. “Calibrated”
suggests accurate calibration with a checkerboard. “Pre-defined” is less accurate, indicating the
default intrinsic provided by the camera manufacturer without a calibration process. “SfM" signifies
that the intrinsic is computed via an SfM method [209]. “Labeled” means the intrinsic manually

labeled by a human.

In-The-Wild Monocular Camera Calibration. We benchmark in-the-wild monocular calibration

performance on Tab. 4.2. For trained datasets, except for MegaDepth, we test on synthetic data
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Methods BIWIRGBD-ID [188] CAD-120 [236]
er € fx et 2 by b, er € fx et 2 by b,

Louraki [158] 0.662 0.662 0.662 - 0.387 0.222 | 0.732 0.732 0.732 - 0.255 0.180
Fetzer [76] wacv20 0.845 0.845 0.845 - 0.001 0.005 | 0.679 0.679 0.679 - 0.001 0.005
BPnP [37] cver'19 0.675 0.675 0.675 - 0.322 0479 | 1.178 1.178 1.178 - 0.103 0.129
FaceCalib [111] Fc23 | 0.133  0.133 0.133 - 0.026 0.042 | 0.151 0.151 0.151 - 0.023 0.063
Ours 0.034 0.029 0.016 0.020 0.011 0.018 | 0.137 0.137 0.054 0.042 0.042 0.008
Ours + Assumptions | 0.019 0.019 0.019 0.000 0.000 0.000 | 0.047 0.047 0.047 0.000 0.000 0.000

Table 4.4 Comparisons to Monocular Camera Calibration with Object. We compare to the
recent FaceCalib [111], which calibrates the camera using video containing human faces. We
report our results w/ and w/o assuming a simple camera model. We perform zero-shot prediction
without training using Tab. 4.2 model.

using random cropping and resizing. For the unseen test dataset, we refrain from applying any
augmentation to better mimic real-world application scenarios.

We compare to the recent baseline [121], which regresses intrinsic via a deep network. Note,
[121] can not train on arbitrary calibrated images as requiring panorama images in training. A
fair comparison using the same training and testing images is in Tab. 4.4 and Sec. 4.4.2. [121]
provides models with two variations: one assumes a central focal point, and another does not. We
report with the former model whenever the input image fits the assumption. From Tab. 4.2, our
method demonstrates superior generalization across multiple unseen datasets. Further, the result w/
assumption outperforms w/o assumption whenever the input images fit the assumption. Tested on
an RTX-2080 Ti GPU, the combined network inference and calibration algorithm runs on average
in 87 ms.

4.4.2 Monocular Camera Calibration with Geometry

Methods in this line of research hold a Manhattan World assumption, positing that images consist
of planes that are either parallel or perpendicular to each other. Stated in Tab. 4.1, baselines [109,
138, 121] relax the assumption to training data. Our method imposes no assumption in both training
and testing.

This brings three benefits. First, the assumption restricts their training to panorama images. In
contrast, our model is trainable with any calibrated images. This yields improved generalization,
as shown in Tab. 4.2. Second, it constrains the baselines to a simple camera parameterized by

FoV. We consider the proposed incidence field a more generalizable and invariant parameterization
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(a) Input & Inci- (b) Est. Restoration (c) GT. Restoration (d) Original Image
dence

Figure 4.4 Image Crop & Resize Detection and Restoration. Image editing, including cropping
and resizing changes intrinsic. As in Sec. 4.3.6, monocular calibration is applicable to detect and
restore image manipulations. We visualize the zero-shot samples on ScanNet and Waymo. More
examples are in Supp.

of intrinsic. E.g., while FoV remains invariant to image resizing, it still changes after cropping.
However, the incidence field is unaffected in both cases. In Tab. 4.4, the substantial improvement
we achieved (0.60 = 3.07 — 2.47) over the recent SoT'A [121] empirically supports our argument.
Third, our method calibrates the 4 DoF intrinsic with a non-learning RANSAC algorithm. Baselines
instead regress the intrinsic. This renders our method more robust and interpretable. In Fig. 6.3
(b), the estimated intrinsic quality is visually discerned through the consistency achieved between
the two incidence fields.

4.4.3 Monocular Camera Calibration with Objects

We compare to the recent object-based camera calibration method FaceCalib [111]. The baseline
employs a face alignment model to calibrate the intrinsic over a video. Both [111] and ours perform
zero-shot prediction. We report performance using Tab. 4.2 model. Compared to [111], our
method is more general as it does not assume a human face present in the image. Meanwhile, [111]
calibrates over a video, while ours is a monocular method. For a fair comparison, we report the
video-based results as an averaged error over the videos. We report results w/ and w/o assuming
a simple camera model. Since the tested image has a central focal point, when the assumption
applied, the error of the focal point diminished. In Tab. 4.4, we outperform SOTA substantially.

The error metrics are in Supp.
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mIOU Acc mIOU Acc mIOU Acc mlOU Acc mIOU Acc mIOU Acc mIlOU Acc
0.686 0.795 0.621 0.710 0.586 0.519 0.581 0.721 0.636 0.681 0.597 0.811 0.595 0.667
0.842 0.852 0.779 0.856 0.691 0.837 0.681 0.796 0.693 0.781 0.709 0.887 0.638 0.795

Methods ‘ KITTI [83] NYUv2 [222] ARKitScenes [13] ‘ Waymo [235] RGBD [232] ScanNet [52] MVS [80]

Baseline
Ours

Table 4.5 Image Crop and Resize Restoration. Stated in Sec. 4.3.6, our method also encompasses
the restoration of image manipulations. Use model reported in Tab. 4.2, we conduct evaluations on
both seen and unseen datasets.

4.4.4 Downstream Applications

Image Crop & Resize Detection and Restoration. Content-based image manipulation detection
and restoration [16, 154] is extensively studied. However, few explore geometric manipulation,
including resizing and cropping. In Sec. 4.3.6, our method also addresses the detection and
restoration of geometric manipulations in images. Using the model reported in Tab. 4.2, we
benchmark its performance in Tab. 4.5. Random manipulations following Sec. 4.4.1 contribute to
50% of both train and test sets, and the other 50% are genuine images. In Tab. 4.5, we evaluate
restoration with mIOU and report detection accuracy (i.e. binary classification of genuine vs edited
images). From the table, our method generalizes to the unseen dataset, achieving an averaged
mlOU of 0.680. Meanwhile, we substantially outperform the baseline, which directly regresses
the intrinsic. The ablation suggests the benefit of the incidence field as an invariant intrinsic
parameterization. Beyond performance, our algorithm is interpretable. In Fig. 6.7, the perceived
image geometry is interpretable for humans.

Uncalibrated Two-View Camera Pose Estimation. With correspondence between two images,
one can infer the fundamental matrix [100]. However, the pose between two uncalibrated images
is determined by a projective ambiguity. Our method eliminates the ambiguity with monocular
camera calibration. In Tab. 4.6, we benchmark the uncalibrated two-view pose estimation and
compare it to recent baselines. The result is reported using Tab. 4.2 model by assuming unique
intrinsic for both images. We perform zero-shot in ScanNet. For MegaDepth, it includes images
collected over the Internet with diverse intrinsics. Interestingly, in ScanNet, our uncalibrated
method outperforms a calibrated one [152]. In Supp, we plot the curve between pose performance
and intrinsic quality. The challenging setting suggests itself an ideal task to evaluate the intrinsic

quality.
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Methods Calibrated ScanNet [52] MegaDepth [146]
@5° @10° @20° | @5° @10° @20°
SuperGlue [204] cvpr 19 16.2 33.8 518 |422 61.2 1759
DRC-Net [152] 1cassp22 7.7 179 305 | 27.0 429 583
LoFTR [234] cver21 22.0 408 57.6 |52.8 69.2 81.2
ASpanFormer [38] Eccv22 256 46.0 63.3 | 553 715 83.1
PMatch [331] cvpr'23 294 50.1 674 | 614 757 85.7
PMatch [331] cvpr-23 X 114 298 494 | 168 306 474

Table 4.6 Uncalibrated Two-View Camera Pose Estimation. We use the model reported in
Tab. 4.2 and assume distinct camera models for both frames. During calibration, we apply the
simple camera assumption. The last two rows ablate the performance using GT intrinsic and our
estimated intrinsic.

4.5 Conclusion

We calibrate monocular images through a novel monocular 3D prior referred as incidence field.
The incidence field is a pixel-wise parameterization of intrinsic invariant to image resizing and
cropping. A RANSAC algorithm is developed to recover intrinsic from the incidence field. We
extensively benchmark our algorithm and demonstrate robust in-the-wild performance. Beyond
calibration, we show multiple downstream applications that benefit from our method.

Limitation. In real application, whether to apply the assumption still waits human input.

Broader Impacts. We do not anticipate any potential negative social impact arising from this

work.
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CHAPTER 5

LIGHTEDDEPTH: VIDEO DEPTH ESTIMATION IN LIGHT OF LIMITED
INFERENCE VIEW ANGLES

Video depth estimation infers the dense scene depth from immediate neighboring video frames.
While recent works consider it a simplified structure-from-motion (SfM) problem, it still differs
from the SfM in that significantly fewer view angels are available in inference. This setting,
however, suits the mono-depth and optical flow estimation. This observation motivates us to
decouple the video depth estimation into two components, a normalized pose estimation over a
flowmap and a logged residual depth estimation over a mono-depth map. The two parts are unified
with an efficient off-the-shelf scale alignment algorithm. Additionally, we stabilize the indoor two-
view pose estimation by including additional projection constraints and ensuring sufficient camera
translation. Though a two-view algorithm, we validate the benefit of the decoupling with the
substantial performance improvement over multi-view iterative prior works on indoor and outdoor

datasets.

5.1 Introduction

Depth estimation is a fundamental task for applications such as 3D reconstruction [31],
robotics [132], and autonomous driving [310]. The depth is self-contained in the scene mo-
tion brought by the camera movement. The classic SfM methods [157, 209, 196, 287, 85] hence
jointly recover the scene depth and camera poses by applying bundle-adjustment over the entire
video sequence. However, the iterative optimization defined over all frames makes SfM a compu-
tationally intensive method. Video depth estimation simplifies the computation by only consuming
the immediate neighboring frames. In consequence, only limited camera view angles are available,
as shown in Fig. 7.1 (a).

The limited camera views, however, suit optical flow and monocular depth estimation. We
are then motivated to connect video depth to mono-depth and flow estimation by decoupling the
video-depth into two components. First, we use the flowmap to estimate a normalized up-to-scale

camera pose, i.e., camera pose with a unit-length translation vector. Second, we estimate video
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depth as a logged residual over the mono-depthmap. The two components are unified by an efficient
off-the-shelf camera scale alignment algorithm, aligning the depthmap and flowmap, making the
residual depth estimation a stereo matching.

Unlike our method, most prior video depth estimation works [280, 240, 258, 268, 291] formulate
their solutions as deep StM, shown in Fig. 7.1 (b). They can be grouped into two types [268]. Type I
methods [280, 240, 258] execute SfM within a fixed frame window, embedding bundle-adjustment
as a differentiable module within a network. Type II methods [268, 291] execute a consecutive-
frame SfM. They sequentially estimate an up-to-scale pose and an up-to-scale depthmap. While
prior works solve video depth estimation as a simplified SfM problem, our method differs in
decoupling the video depth estimation to two sub-tasks which are robust to deficient camera views,
i.e., flow based normalized pose estimation and logged residual depth estimation.

On pose estimation, we compare the optical flow with the projection flow computed from the
pose and depthmap, using the State-of-The-Art (SoTA) methods of each side, i.e., DeepV2D [240]
and RAFT [241]. The results in Supp.Tab. 1 show that the optical flow is more robust than the
projection flow. Since the flow performance is a bottleneck for pose performance, this suggests,
instead of optimizing poses by bundle-adjustment together with the depthmap as the type I method,
directly estimating the pose from flowmap can be more accurate, as the noise inside the depthmap
is avoided. We follow [322] in using the five-point algorithm [143] with RANSAC [77] to estimate
the normalized pose.

On video depth estimation, we treat it as a log space residual estimation over the monocular
initialization. While prior works [280, 240, 258] already adopt mono-depthmap as initialization,
the connection between monocular and video depth is under-explored. Prior works simply repeat
the video depth estimation after updating the pose. Specifically, they estimate the video depth by a
3D cost volume constructed by sampling the next frame feature map at different projected locations
specified by pre-defined depth candidates. Instead, we change the sampling from fixed candidates
to fixed log space residual candidates. This brings three benefits: (1) It enables the video depth

to benefit from SoTA monocular depth. (2) It improves the sampling efficiency in constructing the
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Figure 5.1 Video Depth Performance Comparison on KIT%I Dataset. We mark the methods taking
different numbers of frames with different colors. We propose a two-view video depth estimation
method that substantially outperforms prior two-view, three-view, and five-view methods. Our
method uses a monocular depth as initialization. The arrow marks our improvement when using
the BTS [137] as the initialization. Comparison is detailed in Tab. 5.1.

cost volume, as candidates are drawn dynamically, centering around the initial guess rather than
fixed. (3) It provides a reliable lower-bound depth performance for moving foreground objects and
static frames.

The residual video depth estimation is stereo matching via an estimated pose. Yet, we only
estimate the normalized pose, still lacking the baseline. We then propose an efficient voting based
scale alignment algorithm, estimating the camera scale by aligning the monocular depthmap with
flowmap. This algorithm connects the two decoupled sub-tasks: the normalized pose and residual
depth estimation.

Empirically, we find that the five-point algorithm runs less accurately in indoor scenarios. This
is because indoor videos are taken by hand-held cameras, possessing much more rotation movement
than outdoor videos taken by car-mounted cameras. The additional rotation movement weakens
the epipolar constraint, which is required by the five-point algorithm. To tackle the issue, during
each RANSAC consensus checking, we perform the scale alignment algorithm, turning normalized
camera pose to metric space pose. Then, we include an additional projection constraint to the
original epipolar constraint. It improves both indoor depth and pose performance.

We estimate the camera scale from the mono-depth instead of video depthmap. Ideally, similar
to residual depth learning, we may use an additional cost volume based decoder to learn the
residual camera scale. However, we show that under robust pose and flow estimate, the camera

scale learning loss can be converted to a relaxed depth learning loss, as the two only differ by
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Multi-view Images Optical Flow  Monocular Depth

Camerh Pose
Video|Depth

Resne;;m Net
Deep
Bundle-Adjustment

Video Depth Video Depth

Video Dppth Net

Camera Pose

(a) Limited view angles of video depth (b) Prior Multi-View (c) Ours Two-
View

Figure 5.2 (a) Unlike classic SfM, video depth estimation possesses significantly fewer view angles
during inference. (b) Prior multi-view video depth estimation works [240, 237, 258] mimic SfM
pipeline, focusing on improving deep bundle-adjustment. (c) Considering the SfM alike pipelines
are compromised by the limited view angles, we base the video depth estimation on two deficient
view robust sub-tasks, i.e., the relative camera pose estimation based on the flowmap, and the
logged residual video depth estimation based on the monocular depthmap. The two sub-tasks are
connected by a novel and efficient scale alignment algorithm. We skip RGB inputs for simplicity
in (c).

a constant in log space. This reduces camera scale learning to depth learning. Empirically and
theoretically, we show that a single decoder is sufficient for both residual depth and camera scale
learning.

We summarize the contributions of our work as follows:
e We propose a comprehensive two-view video depth estimation method. Unlike a simplified SfM,
we decompose into two sub-tasks that are robust to deficient view angles, and connect them via an
efficient scale alignment algorithm.
e We stabilize the indoor normalized pose estimation with the additional projection constraint.
e Theoretically and empirically, we prove the equality between scale and video depth learning.
e On KITTI [84] and NYUv2 [178] datasets, our two-view sequential method reduces 56.5% and
34.1% error on the metric 6 < 1.25 of video depth estimation over SOTA multi-view iterative
work [240].
5.2 Prior Works
5.2.1 Pose and Depth from Multi-View System

Structure-from-motion (SfM) [157, 209, 196, 287, 85] is the classic approach to recover scene

geometry and camera motion from video. After proper initialization, the pose and 3D points
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Figure 5.3 Our algorithm takes two RGB inputs (I, I,,), the initial mono-depth D*, and flowmap
O as inputs. Our proposed framework consists of 2 key steps: (1) An improved five-point algo-
rithm. Given flowmap O and mono-depth map D, apply consensus check over randomly initiated
normalized pose set # and its corresponding scale set S. (2) Residual video depth estimation with
a cost volume network. Between the two steps, we perform key-frame search if under insufficient
camera translation, i.e., re-estimate flowmap and pose with the next frame. Scale set S estimation
and video depth DT estimation are further detailed in Fig. 5.4 and 5.6.

are finetuned by bundle-adjustment over the input point correspondences. Visual simultaneously
localization and mapping (VSLAM) methods [230, 244, 74, 73, 174, 179, 242, 287] are similar to
SfM but focus on odometry.

Video depth estimation is the other multi-view system. It contrasts to SfM as operating on
fixed frame windows, providing limited camera views. Recent works [240, 280, 94, 237, 75, 323,
258, 110] solve video depth estimation as an SfM problem. Inspired by classic SfM, they propose
different deep bundle-adjustment modules, minimizing a residual term during the network inference.
For instance, [280] and [240] separately propose a first-order and second-order deep optimization
scheme. [280] applies an exhaustive search over a local region in the pose parameter space. Given
the projection flow computed by the current depth and pose, [240] employs a motion module to
estimate a residual flow term. The pose is refined via applying a Gauss-Newton update [285].
Surprisingly, compared to estimating residual pose in inference, none of the prior works estimate
residual depth.

Our work solves the video depth estimation from the other perspective. Instead of emphasizing
the improved deep bundle-adjustment module, we decompose the video depth into sub-tasks that
are robust to narrow view angles. Our work can benefit other multi-view methods via serving as

their two-view initialization module [240, 280].

5.2.2 Deep Two-View Structure-from-Motion
SfMR [268] revisits the classic two-view SfM [57, 130] with deep learning. They first solve a

normalized pose from the input flowmap and then estimate a normalized depthmap, i.e., depthmap
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divided by the camera scale.

Our method improves [268] in multiple perspectives. First, we validate that the optical flow is
more robust than the projection flow between immediate frames (detailed in Supp.Tab. 1.). This
completes the motivation of estimating normalized pose from the flowmap instead of applying deep
bundle-adjustment. In comparison, [268] only discusses its improvement over classic SIFT [159]
based two-view SfM. Second, we improve indoor pose estimation performance by including the
additional projection constraint. Third, the normalized depth in [268] is poorly ranged, varying
from zero to infinity, while the proposed logged residual depth is well ranged. As a result, our
model with 32 depth candidates outperforms [268] with 128 depth candidates. Fourth, our method
does not require groundtruth pose to produce normalized depth. The normalized pose and camera
scale are learned from synthetic flow and groundtruth depth labels, avoiding the noise from the

IMU or GPS device.

5.2.3 Multi-View-Stereo

With the optimized camera poses, video depth estimation is treated as a multi-view-stereo
(MVS) problem. Similar to SfM, most MVS methods [266, 55, 298, 299, 265, 156] assume
sufficient view variations, estimating without an init mono-depthmap. A concurrent MVS work [6],
however, positions itself to infer depth within a limited frame window. [6] skips the non-trivial pose
estimation and models depth as a Gaussian distribution. The video depth is estimated by selecting
the residual that max-a-posteriori. However, unlike us, they do not align depthmap with the camera
pose scale, lacking geometric constraint. In return, though [6] uses groundtruth poses and more

frames, we still outperform this iterative method, as in Tab. 5.1.

5.3 Proposed Method

Our objective is to jointly solve the interdependent pose and depth given two video frames.
Take the process of reconstructing image I, at frame m from image I,, at frame »n under a depthmap
D and pose P as I, = g (f (D,P),I,), where I, is the reconstructed image. f(-) produces 2D
projection locations in I, as a function of D, P, and the intrinsic matrix K (skipped in f(-) for

simplicity). g(-) applies bilinear sampling to I,, at 2D locations from f (D, P). Formally, we aim
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Figure 5.4 We randomly sample N pixels {p} on frame I,,, marked in . Corresponded

frame I,,’s pixels {q} are determined by flowmap O. Sampled depth is {d}. We illustrate: (a) Due
to the noise, corresponded pixel q does not comply projective geometry, i.e., ( resides outside the
epipolar line l,. In Eqn. 5.6, we approximate the scale determined by pixel q with two pixels ¢* and

q’, residing horizontally and vertically on epipolar line 1,. (b) One normalized pose P is initiated
by five-point algorithm. Next, with Eqn. 5.7, we acquire a pixel-wise scale set s”. After producing
the B-dim histogram of scale set s”, the optimal scale s” is determined by majority voting.

to compute the depth D' and pose P' by optimizing the photometric constraint:
PT’DT = argmln hp (g (f (D’P)’In)’lm)’ (51)
P.D

where £, (-) can be defined in forms such as structural similarity index measure (SSIM) [276, 327].
Recent multi-view works [240, 280, 94, 237, 75, 323, 258, 110] focus on improved mechanisms
which, in inference time, enforce Eqn. 5.1. Typically, they adopt an iterative and alternative

optimization scheme, minimizing Eqn. 5.1 by iteratively solving:

P' = argmin i, (g (f (D,P).I;),1;) (5.2a)
P

D' = argmin i, (g (f (D,P).L;),1,). (5.2b)
D

For simplicity, Eqn. 5.2 is written with two-view inputs. Interestingly, their optimization is
primarily for pose estimation. If an optimal pose P' is given, video depth is estimated through a
single forward inference [240, 280, 94, 237, 75, 323, 258, 110]. In comparison, our method runs

sequentially. Given the input flow O and mono-depth initialization D*, we decouple the video
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depth estimation into two narrow-view robust objectives:

l_)T, st = arg min (he (l_’, O) +
p,S
< A-he (f (D*,p (13, s)) ,0)) (5.3a)
D’ = arg min (g (f (D*,p (1‘), s)) ,Ij) ,Ii) . (5.3b)

Function p(-) combines normalized pose P with scale s: p (I_’, s) = [R s .E]. D* and O are
initial mono-depthmap and flowmap. D' and A are the optimized video depthmap and a predefined
weighting parameter. Functions /. () and &.(-) are epipolar and projection consistency constraints
detailed in Sec. 5.3.1.

The rest of the section presents our sequential pose and video depth estimation. We discuss
about the equality between scale and depth learning at the end of the section. The overall framework
is illustrated in Fig. 6.3.

5.3.1 Pose Estimation

We optimize Eqn. 5.3a in camera pose estimation. Given the flowmap O and mono-depthmap
D*, we reformulate the five-point [143] algorithm with RANSAC [77] to include an additional
projection consistency constraint. Specifically, for each normalized pose P initiated by the five-
point algorithm, a pixel-wise camera scale is determined given the pixel-wise depth and flow pair.
The optimal scale is therefore selected by voting, see Fig. 5.4. This enables us to include a projection
constraint in addition to the epipolar constraint during the RANSAC consensus checking.
Random Normalized Pose Initiates. We denote the Ny pixels randomly sampled from frame
I, flowmap O and monocular depthmap D* as {p}, {o} and {d}. Then frame I,,’s corresponded
pixels {q} are given as {qx | qx = px + 0k, k € Ny}, where Ny is the number of randomly sampled
correspondence. For simplicity, we assume the RANSAC algorithm loops to the max iteration
number N,, where r indexes each RANSAC loop. Meanwhile, in each loop, a quick chirality
check [143] is applied to convert the essential matrix to the normalized pose. As such, we initiate

N, random normalized pose with the five-point algorithm, denoted as the set P = {F | r € N, }.
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Figure 5.5 Outdoor video motion patterns differ from indoor. Marked in yellow arrows, we visualize
an indoor and outdoor scene motion. In (a), a translation dominates the scene motion. In (b), a
rotation dominates the scene motion. Comparing (a) and (b), as rotation accumulates, the flow
becomes irrelevant to scene depth, making image clues less usable for depth. Further, it degenerates
the nonlinear projection transformation to the linear affine transformation, undermining the epipolar
constraint based five-point algorithm. We thus introduce the additional projection constraint /. in
Eqn. 5.10. Further, we actively seek keyframes until sufficient translation movement is detected.
We plot the entire odometry on the corner of (a) and (b). As the color changes from blue to red,
more scene motion is from the rotation movement.

Pixel-wise scale estimation. Given any normalized pose P = [R E] , the depth value of each

pixel can determine a camera scale. We name the set of camera scales determined by each depth
1T T

pixel as pixel-wise scale s. Set p= [ p* pY 1| andq= [qx q” 1] are the homogeneous pixel

coordinates in I,,, and I,;, connected by flow O at pixel p. Set camera projection as:

1T -
d'q=d [qx g 1| =dKRK'p+sKi. (5.4)

The d and d’ refer to depth at frame I, and I,,. By arranging Eqn. 5.4, we acquire the relationship

between depth d and scale s at horizontal and vertical directions separately as:

X

_ . — Y.
di=s—2 "4 o YTAE (5.5)

¢*m3T p—myTp’ q’m3T p—myT p

T T —
Here [ml m) m3] =KRK™!, [x y Z] =Kt. AsinFig. 5.4 (a), optical flow induced pixel
q may not reside on the epipolar line l,, making d* and d” possess different values. To pursue
a unique mapping between scale s and depth d, we compute the optimal pixel-wise scale s by

minimizing the L, distance between input monocular depth d and d*, d”:
s = argmin (d* — d)* + (d” - d)*. (5.6)
Then the pixel-wise mapping from depth d to scale s is:

log(s) = log(d) + m, (5.7)
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Figure 5.6 Illustration of video depth estimation. The shared encoder is drawn as one for simplicity
in Fig. 6.3. The encoder and decoder of video depth network D are plotted. We dynamically sample
the residual depth candidates D in log space centering around the initial depthmap D*. Then we
construct cost volume Vp with predicted normalized pose ﬁT and the aligned scale s'. Finally, we
predict residual depth AD in log space through network D.
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where m = — log% ( ) The proof is detailed in the supplementary

material.
Camera Scale Estimation. Next, we determine the unique camera scale s from the pixel-wise
scale set " under normalized pose P by majority voting, as shown in Fig. 5.4. Specifically, we

produce the histogram of the scale set s” as a B-dim vector r. For the by, element of r, its value

r[b] is:

Ny

b b+1

I‘[b] = Z (E “Smax < S < B * Smax | - (5.8)
k=1

Hyper-parameter spax 1s the max scale value we record. The optimal scale s under normalized

pose P is then:

b+0.5
r_ —
" = Smax 7 b = arg Omsbaé r(b]. (5.9)

To this step, for the N, randomly sampled normalized pose £ in RANSAC, we conclude the
corresponded N, scale estimate, denoted as set S = {s" | r € N, }.

Consensus Check. Asin Fig. 5.5, we introduce an additional projection constraint /. to stabilize
the five-point algorithm in indoor videos. For the ry randomly sampled normalized pose P, given
{p}, {q}, {o} and {d}, the original epipolar constraint A, (Fr, {0}) and the additional projection

consistency constraint /. (F, s", {p}. {q}, {d}) are:
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Method Venue | Frame | Labels | AbsRel | SqRel | RMSE | RMSElog | 6 < 1.25 [ 6 < 1.25% [ § < 1.25°
DORN [79] CVPR'IS | 1 D | 0069 | 0300 | 2857 | 0.112 | 0945 | 0998 | 0.99%
BTS [137] Arxivi8 | 1 D | 0059 | 0245 | 2756 | 0096 | 0956 | 0993 | 0998
AdaBins [18] CVPR2I | 1 D | 0058 | 0190 | 2360 | 008 | 0964 | 0995 | 0.999
NeWCRFs [309] CcVPR'22 | 1 D | 0052 | 0155 | 2129 | 0079 | 0974 | 0997 | 0999
Ours + BTS [137] > | D+F | 0037 | 0.110 | 1.800 | 0.050 | 0987 | 0998 | 0.999
Ours + AdaBins [18] | CVPR'23 | 2 | D+F | 0045 | 0108 | 1.817 | 0064 | 0987 | 0998 | 0.999
Ours + NeWCRFs [309] 2 | D+F | 0041 | 0107 | 1748 | 0059 | 0989 | 0998 | 0999
BA-Net [237] ICLR'19 | 5 | D+P | 0.083 | 0025 | 3640 | 0.134 - - -
SFMR [268] CVPR'2I | 2 | D+F+P| 0055 | 0224 | 2273 | 0.091 0956 | 0984 | 0.993
DeepMLE [58] Arxiv'22 | 2 | D+F+P| 0060 | 0203 | 2257 | 0089 | 0967 | 0995 | 0999
DRO [94] Arxiv2l | 2 | D+P | 0047 | 0.199 | 2.620 | 0082 | 0970 | 0994 | 0.998
MaGNet [6] CVPR'22 | 3 D | 0051 | 0160 | 2077 | 0079 | 0974 | 0995 | 0999
, 2> | DsP | 0064 | 0350 | 2964 | 0120 | 0946 | 0982 | 0.991
DeepV2D [240] ICLR20 1 5 | pyp | 0037 | 0174 | 2005 | 0074 | 0977 | 0993 | 0.997
DeepV2eD [110] | ICPRAT22 | 5 | D+P | 0.037 | 0.167 | 1.984 | 0.073 | 0978 | 0.99 i
Ours + MonoDepth? [88] 2 | D+F | 0032 | 0.106 | 1.880 | 0.057 | 098 | 0998 | 0999
Ours + BTS [137] cvpras | 2 | D+F | 0029 | 0098 | 1729 | 0053 | 0989 | 0998 | 0999
Ours + AdaBins [18] 2> | D+F | 0030 | 0089 | 1655 | 0052 | 0989 | 0998 | 0999
Ours + NeWCRFs [309] 2 | D+F | 0028 | 0087 | 1597 | 0049 | 0991 | 0998 | 0.999

Table 5.1 KITTI Monocular Video Depth Evaluation on Eigen split [71] with Garg crop [82]
capped at 80 meters using semi-dense groundtruth [257]. The lower half table applies median
scaling [325] to the predicted depths to compare with SfM methods. [Key: Best, Second Best
except our work, Frame=the number of frames used in inference, Labels=required supervision in
training, D=semi-dense depthmap, P=IMU pose, F=synthetic optical flow datasets [166, 32]]

N,
he(® (o)) = ) (q;K-TEKTpk < ke) (5.10a)
k=1

1he(P, ", {p}. {q}, {d}) =

z

(I (@i P57 = el < ke (5.10b)
1

=~
Il

Here E is an essential matrix, expressed by the matrix form of the cross product [ ]x as
E = R[t]x. The final consensus check number is a weighted summation of the two as h(ﬁr) =
he(-) +A - he(:).

The optimal normalized pose P and scale s' is selected with the highest consensus number.
The RANSAC stop criteria are updated with the new constraint A(-).
Key-frame Search. In Fig. 5.5, scene depth becomes irrelevant with scene motion under an
extreme pure rotation movement. Without the loss of generality, more 3D information is revealed
from two-view triangulation as the camera translation a.k.a., baseline, increases. For video captured

by a moving platform or a service robot, e.g., KITTI dataset, there typically exists sufficient camera
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Method Venue | Frame | AbsRel | ScInv | RMSE | logl0 [ 6 < 1.25 [ 6 < 1.25% | § < 1.253
DORN [79] CVPR'I8 | 1 0.115 - 0.509 | - 0.828 | 0.965 0.992
BTS [137] Arxiv'i8 | 1 0.108 | 0.115 | 0.404 | 0.047 | 0.885 0.978 0.994
AdaBins [18] CVPR21 | 1 0.103 | 0.106 | 0.370 | 0.044 | 0.903 0.983 0.997
NewCRFs [309] CVPR'22 | 1 0.095 | 0.090 | 0.334 | 0.041 | 0922 | 0.992 0.998
Ours + BTS [137] 2 0.102 | 0.098 | 0.356 | 0.044 | 0.903 0.984 0.997
Ours + AdaBins [18] | CVPR'23 | 2 0.095 | 0.089 | 0.326 | 0.040 | 0.923 0.990 0.998
Ours + NewCRFs [309] 2 0.090 | 0.080 | 0.306 | 0.038 | 0.935 0.995 0.999
DFUSMC [98] CVPR'16 | Multi | 0.447 | 0.456 | 1.793 | 0.169 | 0487 | 0.697 0.814
DeMoN [258] CVPR'17 | 2 0.144 | 0179 | 0775 | 0.061 | 0.805 0.951 0.985
, 2 0.094 | 0.133 | 0.521 | 0.403 | 0.905 0.975 0.992
DeepV2D [240] ICLR20-1 0.061 | 0.094 | 0.403 | 0.026 | 0.956 0.989 0.996
Ours + BTS [137] 2 0.070 | 0.098 | 0.280 | 0.030 | 0.948 | 0.991 0.998
Ours + AdaBins [18] | CVPR23 | 2 0.064 | 0.089 | 0255 | 0.027 | 0.961 0.994 0.999
Ours + NewCRFs [309] 2 0.057 | 0.080 | 0230 | 0.025 | 0.971 0.996 0.999

Table 5.2 NYUv2 Monocular Video Depth Evaluation. Results in the lower half table ap-
ply median scaling in evaluation. Results of DeMoN [258] is from [240]. Results of 2-view
DeepV2D [240] are evaluated with the published code and pretrained model. [Key: Red color
marks Best, Blue color marks the Second Best, Frame marks the number of frames in inference]

translation between consecutive frames. However, the camera rotation frequently dominates the
movement for the video taken by a hand-held camera, e.g., NYUv2 and ScanNet dataset. We
alleviate the issue by actively seeking sufficient camera translation. Automatically, as in Fig. 6.3,
we repeat the flow initialization step and pose estimation step with the next frame if the estimated
scale s < ky, where k; is a predefined minimum translation.

Scale Update. The camera scale s* will be updated with the finetuned video depthmap DT using
Eqn. 5.8 and Eqn. 5.9 if odometry is desired.

5.3.2 Video Depth Estimation

To this end, we have optimized Eqn. 5.3a. To optimize Eqn. 5.3b in inference, we adopt a cost
volume based network, taking in an initial monocular depthmap D*, predicted pose P = p(FT, sT)
and a frame pair I,,,/I,, (see Fig. 6.3). We consider video depth estimation a log space residual
learning over its monocular depth initialization D*. The meaning of residual is two-fold.
Construct Cost Volume Vp. We sample residual depth candidates D of size ko around initial

monocular depthmap D* with predefined interval Ad as:

1 k
D = {D; | D; = exp(Ad;) - D*} 1. (5.11)

73



We then sample feature map F, according to © and predicted pose P as:
k k & k
Fi = 1{F; | F; =g(f(D;,P),F,)} " . (5.12)

“Vp is then constructed by stacking " and the repetition of input feature F,, illustrated in Fig. 5.6.
Estimate Residual Depth. The cost volume is decoded by ResDepth network D, yielding a log

space residual depthmap AD for monocular initial D*, preparing the final video depthmap D as:
D' = D* - exp(AD) = D* - exp(D(Vp)). (5.13)

Supervision Signal. Following [137], we use a scale-invariant loss, to supervise the training of

the depth network,

D(w)z}lzn: le_(%zn: wi)2+(1—,u)(%zn: w,-)z, (5.14)
i=1 '

i=1 i=

where w; = log d; — log d;, n is the number of pixels and d; is groundtruth depth.

5.3.3 [Equality of Scale and Video Depth Learning

In Fig. 6.3, scale is required before video depth estimation. Though scale can be optimized over
an initial mono-depthmap, augmenting it with a network seems a natural choice. In this section,
we show the equality of video depth and scale learning and its implication to the choice of scale

estimation. Following Eqn. 5.7, we define the optimal scale s* as the average of pixel-wise scale s:

n

1< 1
log(s*) = - Z log(s;) = - Z (log(d;) + m;). (5.15)
i=1

=1

We then show that the learning objective for scale s* can be approximated as the learning objective

for video depth and a noise term contributed by normalized pose P and optical flow O estimate:

L= log(3) —log(s")l
¢ . 1 & (5.16)

< ;;u1og(dl->—1og(d,~)||+||;;(rﬁ,~—mi>||.
Here, § and d are groundtruth scale and depth. Estimating scale, by minimizing Ly, can be
approximately achieved by minimizing its upper-bound in Eqn. 5.16, thus converting to video
depth estimation. This indicates that a deep scale estimator learns the same prior knowledge as a

video depth estimator. We empirically support our analysis by showing that the framework in Supp

Fig. 1 has no benefit in final depth and scale performance, as in Tab. 5.5.
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Seq | Err | BetterGen® [322] LTMVO® [334] DfVWild" [90] MLF-VO [120] SfMR [268] LSR" ' [264] Ours [ Seq [ Err [ DeepV2d [240] Ours
09 | ferr 6.03 3.49 3.10 3.90 1.70 1.19 1.08 +0.07 00 | fer 3.80 1.19 +0.04
Terr 0.44 1.03 - 1.41 0.48 0.30 0.28 +0.02 Terr 1.66 0.39 +0.02
10 | ferr 4.66 5.81 5.40 4.88 1.49 1.34 1.29 +0.04 ‘ 05 | fer 3.25 1.36 £ 0.05
Terr 0.62 1.82 - 1.38 0.55 0.37 0.36 +0.02 T Terr 1.34 0.40 +0.03

Table 5.3 KITTI Odometry Evaluation. Results in the right of the table are trained on Eigen
split [71] and tested on odometry sequence 00 and 05. Performance is reported with 5 random runs.
Self-supervised methods are marked with *. { uses test time parameter fine-tuning (PFT) [264].
[Key: Red color marks Best, Blue color marks the Second Best]

5.4 Experiments

We evaluate depth on KITTI and NYUv2 where both video and monocular depth methods
report their results. We conduct indoor pose comparison on ScanNet as NYUv2 does not have pose

groundtruth.

Implementation Details For both KITTI and NYUv2 experiments, we train with the Adam
optimizer [128] with a learning rate of le™*. The training takes 20 epochs with a batch size of
4. We train 2 days on 2 RTX 2080 Ti GPUs. For the pre-computed initial monocular depthmap,
we apply color augmentation to ensure consistent performance between validation and training
set. We use BTS [137] during training but test against various mono-depth inputs. For all three
monocular methods, BTS [137], AdaBins [18], and NewCRFs [309], we use the author released
models. The Monodepth2 [88] is re-trained by us. For flow, we adopt the publicly available model
of RAFT [241] trained using the synthetic datasets [166]. On KITTI, we train with a cropped
320 x 576 resolution. On NYUvV2, we train with the original resolution. For both datasets, we
test with their full resolution. The residual depth candidates D with a size of kp = 32. While
selecting the random correspondences from flowmap for pose estimation, we do not apply forward-
backward consistency [322] as the improvement does not worth its running time. But we exclude
the invisible area and object edges in the next views. We use the OpenCV’s EPnP [139] algorithm
as a replacement if the five-point algorithms fail.

5.4.1 Monocular Video Depth and Pose Estimation

KITTI Depth KITTI is a widely adopted benchmark for outdoor scenes with stereo, LiDAR, and
GPS/IMU available. For fair comparison, we train with Eigen split [71], evaluated on semi-dense

groundtruth [257] under Garg crop [82] capped at 80 meters. Tab. 5.1 reports results in standard
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(a) RGB Input I, (b) DeepV2D [240] (c) Init D* (d) Finetuned D™ (e) Residual (meter)

Figure 5.7 Subplot (e) shows residual depth D* - (exp(AD) — 1) in meter. In Green boxes, mono-
depthmap gets improved after residual estimation. In Pink boxes, artifacts around moving fore-
ground objects are avoided.

7 metrics [71], with baselines from both single-view and multi-view methods. We outperform all
of them by a substantial margin. Particularly, compared to 2-view methods [94, 268], our method
significantly reduces 66.7% and 77.3% errors on the al metric (6 < 1.25). Additionally, we are

the first 2-view work to outperform the 5-view SoTA performance [240], achieving a substantial

0.991-0.977

improvement of 60.9% (= =597

) on al metric. Further, we reduce 70.5% al metric error
compared to our mono-depth initialization BTS. Fig. 5.7 shows our improvement qualitatively.
Finally, our performance gain over prior SoTA does not attribute to monocular initialization. In

Tab. 5.1, our result still substantially outperforms DeepV2D with a lightweight MonoDepth2
monocular initialization.

NYUv2 Depth NYUv2 dataset [178] has RGB and depth image pairs in indoor environments.
Our experiment follows the standard train/test split [71]. As NYUv2 is captured by a handheld
camera, rotation frequently dominates camera motion across frames, which is undesirable for video
depth estimation (see Fig. 5.5). Despite all the hurdles, our 2-view performance grouped with
NewCRFs [309] still substantially outperforms 8-view DeepV2D, reducing 34.1% error on al
metric. Compared to its 2-view performance, the improvement goes up to 46.3%.

Further, our method shows great generalization ability under different mono-initialization.
Though trained with BTS, when tested with BTS, AdaBins, and NewCRFs, we reduce error on al
metric by 15.7%, 20.6%, and 16.7%, respectively. However, this performance gain is less than in
KITTTI (15.7% to 70.5%), indicating our method shines more on videos with sufficient translation.
KITTI Pose KITTI Odometry includes 20 driving videos with 11 having odometry groundtruth.

Our experiment includes both self-supervised and supervised methods and reports standard met-
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ScanNet DeMoN [258] BA-Net[237] | DSO | DeepV2D-2 DeepV2D-8 FivePoint Ours

Rotation (degree) | 3.791 1.009 0.946 0.806 0.714 0.671 0.621 = 0.007
Translation (degree) | 31.626 14.626 19.238 13.259 12.205 13.878  12.840 + 0.161
Translation (cm) | 15.500 2.365 2.165 1.726 1.514 1.524 1.440 + 0.011

Table 5.4 ScanNet Pose Evaluation. DeMoN, BA-Net, and DSO are trained on ScanNet. DSO is
evaluated only on success cases. DeepV2D and ours are trained on NYUv2 and tested on ScanNet.
DeepV2D-2/8 are DeepV2D taking 2 or 8 frames. FivePoint is the baseline five-point algorithm
with RANSAC. Our result is reported with 5 random runs. [Key: Red color marks Best, Blue color
marks the Second Best]

ResDepth | PoesEstimation | ScaleNet | Abs Rel | SqRel | RMSE | RMSE log | 6 < 1.25 | Seq-00 7
E v 0.070 | 0.275 | 2.405 0.093 0.959 1.55
v v v 0.038 | 0.110 | 1.821 0.060 0.987 1.55
v v v 0.037 | 0.117 | 1.841 0.059 0.986 1.24

Table 5.5 Ablation on Outdoor Video Depth Estimation. [Key: ‘ResDepth’= Residual
depth learning (Sec. 5.3.2). ‘PoseEstimation’= Proposed Pose Estimation Method (Sec. 5.3.1).
‘ScaleNet’=Further refine pose scale with an additional ScaleNet (detailed in Supplementary).]

rics [90]. For methods [322, 334, 90, 264, 268, 120], we follow [90] to train/test on sequences
00-08/09-10. For DeepV2D [240], as trained on Eigen split [71], we test on unseen sequences
00 and 05. As odometry from self-supervised methods lacks real-world scale priors, we align
prediction against groundtruth trajectory by applying 7 DoF transformation [322] during inference.
In Tab. 5.3, we outperform SoTA on rotation and translation errors.

ScanNet Pose ScanNet [52] is a large indoor dataset with groundtruth depthmap and camera
trajectory. We follow DeepV2D’s test protocol, train on NYUv2, and test on 2,000 sequences
of ScanNet. We outperform 8 frames DeepV2D-8 except for the metric ‘tr. (deg)’. Further, our
method achieves solid improvement over 2-view DeepV2D.

5.4.2 Ablation Study

The Equality between Scale and Video Depth Learning In Tab. 5.5 row 2 & 3, we ablate
pose & depth performance if augment pose scale learning with an additional ScaleNet (detailed
in Supplementary). Clearly, the added ScaleNet learns additional scale prior, reducing e from
1.55 to 1.24. However, the improved pose scale does not benefit video depth due to the equality
between their learning objective. Further, this benefit diminishes after updating the scale with
video depthmap (1.19 from Tab. 5.3 and 1.24 from Tab. 5.5). This is expected, as the LiDAR

depth possesses less noise than IMU and GPS pose. Thus we empirically demonstrate the equality
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| FivePoint | PoesEstimation | KeySearch | Abs Rel | ScInv | RMSE | logl0 | 6 < 1.25
3 v 0.063 | 0.087 | 0.248 | 0.027 | 0.964
> v 0.061 | 0.083 | 0.239 | 0.026 | 0.968
~ v v 0.057 | 0.080 | 0.230 | 0.025 | 0.971

Table 5.6 Ablation on Indoor Video Depth Estimation. [Key: ‘FivePoint’=Baseline Five-
point algorithm with RANSAC. ‘PoseEstimation’=Proposed Pose Estimation Method (Sec. 5.3.1).
‘KeySearch’=Keyframe search. Bold marks the best score.]

between scale and video depth learning.

Residual Depth Estimation Estimating video depth as logged residual improves cost volume sam-
pling efficiency, supported by our improvement over STMR [268] in Tab. 5.1 and the performance
gap in row 1 and 2 of Tab. 5.5. Meanwhile, it avoids artifacts in moving objects, as in Fig. 5.7.
Pose Estimation and Key-frame Search Compared to using baseline five-point algorithm over
flow estimate [268, 322], our proposed method benefits both pose and depth performance, as shown
in Tabs. 5.4 and 5.6. Also, ensuring sufficient camera translation shows noticeable improvement,
as shown in Tab. 5.6.

Computational Efficiency We compare the running time to DeepV2D [240] on an RTX 2080 Ti
GPU, for 192 x 1088 images. In Fig. 6.3, our inference has 1 + 2 steps: initialization of flow [241]
and mono-depth [137], pose estimation, and video depth estimation. Each takes 0.124 + 0.063,
0.253, 0.058s respectively, in total 0.498s. In comparison, 5-view DeepV2D takes 1.619s.

5.5 Conclusions

Video depth estimation in prior works is solved as a simplified SfM problem. But video depth
has fewer view angles in video depth estimation. Thus, we decompose it into two sub-tasks that are
robust to deficient views, i.e., normalized pose, and residual depth estimation. We connect the two
tasks with a scale alignment algorithm. The proposed framework improves both pose and video

depth.

Limitations Our method depends on multiple modality initializations. A joint model is preferred.
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CHAPTER 6

RSFM: REVISIT SELF-SUPERVISED DEPTH ESTIMATION WITH LOCAL
STRUCTURE-FROM-MOTION

Both self-supervised depth estimation and Structure-from-Motion (SfM) recover scene depth from
RGB videos. Despite sharing a similar objective, the two approaches are disconnected. Prior works
of self-supervision backpropagate losses defined within immediate neighboring frames. Instead of
learning-through-loss, this work proposes an alternative scheme by performing local SfM. First,
with calibrated RGB or RGB-D images, we employ a depth and correspondence estimator to
infer depthmaps and pair-wise correspondence maps. Then, a novel bundle-RANSAC-adjustment
algorithm jointly optimizes camera poses and one depth adjustment for each depthmap. Finally, we
fix camera poses and employ a NeRF, however, without a neural network, for dense triangulation and
geometric verification. Poses, depth adjustments, and triangulated sparse depths are our outputs.
For the first time, we show self-supervision within 5 frames already benefits SoTA supervised
depth and correspondence models. Despite self-supervision, our pose algorithm has certified

global optimality, outperforming optimization-based, learning-based, and NeRF-based prior arts.

6.1 Introduction

Monocular depth estimation [79, 137] infers depthmap from a single image. It is an essential
vision task with applications in AR/VR [182], autonomous driving [84], and 3D reconstruction [31].
Most methods [309, 19, 195, 189] supervise the model with groundtruth collected from stereo
cameras [319] or LiDAR [84]. Recently, self-supervised depth [90, 88, 327] has drawn significant
attention due to its potential to scale up depth learning from massive unlabeled RGB videos.

Classic SfM methods [209, 228, 205, 286, 1, 50] also reconstruct scene depth from unlabled RGB
videos. Despite its relevance, SfM is rarely applied to self-supervised depth learning. We outline
two potential reasons. First, SfM is an off-the-shelf algorithm unrelated to the depth estimator. Scale
ambiguity renders SfM poses and depths at different scales compared to depth models. Second,
self-supervision has a well-defined training scheme to work with universal unlabeled videos. It

backpropagates through photometric loss computed within immediate neighboring frames, e.g.,
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Figure 6.1 Revisit Self-supervision with Local SfM. The work proposes alternating the learning-
through-loss with a local SfM pipeline for self-supervised depth estimation. We summarize our
differences. On self-supervision: (1) Instead of using naive two-view camera poses, we propose a
Bundle-RANSAC-Adjustment pose optimization algorithm with multi-view constraints. (2) Instead
of backpropagating through a loss, we produce a sparse point cloud with explicit triangulation and
geometric verification. The point cloud serves as either output or pseudo-groundtruth for self-
supervision. On SfM: (1) Our local SfM is adapted to use estimated monocular depthmaps and
automatically resolve their scale inconsistency between pairs of images. (2) We maintain accuracy
under significant sparse view variations, e.g., red trajectories. We generalize SfM to as few as 5
frames, similar to the number of images used to define self-supervision loss.

SfM Trajectory

Self-Sup. Traj.

Two Frames

|

|

Five Frames

red trajectory in Fig. 7.1. In contrast, StM is more selective to input videos. It requires images of
diverse view variations (green trajectory in Fig. 7.1), being inaccurate and unstable when applied
to a small frame window.

This work connects self-supervision with SfM. We replace the self-supervision loss with a
complete SfM pipeline that maintains robustness to a local window. Shown in Fig. 6.2, with
N frames as input, our algorithm outputs N — 1 camera poses, N — 1 depth adjustments, and
the sparse triangulated point cloud. In initialization, N monocular depthmaps and N X (N — 1)
pairwise correspondence maps are inferred. Next, we propose a Bundle-RANSAC-Adjustment pose
estimation algorithm that retains accuracy for second-long videos. The algorithm utilizes the 3D
priors from monocular depthmap to compensate for the deficient camera views. Correspondingly,
we optimize N — 1 depth adjustments to alleviate the depth scale ambiguity by temporally aligning
to the root frame depth.

The Bundle-RANSAC-Adjustment extends two-view RANSAC with multi-view bundle-adjustment
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Figure 6.2 Local Structure-from-Motion. With N neighboring frames, we extract monocular
depthmaps and pairwise dense correspondence maps with methods, e.g., ZoeDepth [19] and PDC-
Net [251]. Next, skipping the root frame, we optimize the rest N — 1 camera poses and depth
adjustments. The depth adjustments render input depthmaps temporally consistent. Fixing poses
and adjustments, we use the Radiance Field (RF) for triangulation. A geometrically verified sparse
root depthmap is output. Our local SfM applies self-supervision with only 5 RGB frames. Yet,
our sparse output already outperforms the input supervised depth with SOTA performance.

(BA). The algorithm has quadratic complexity and is designed for parallel GPU computation. We
RANdomly SAmple and hypothesize a set of normalized poses. In Consensus checking, we apply
BA to evaluate a robust inlier-counting scoring function over multi-view images. Camera scales
and depth adjustments are determined during BA to maximize the scoring function.

Next, we freeze the optimized poses and employ a Radiance Field (RF), i.e., a NeRFF [170]
without a neural network, for triangulation. We optimize RF to achieve multi-view depthmap and
correspondence consistency within a shared 3D frustum volume. For outputs, we apply geometric
verification to extract multi-view consistent point cloud, i.e., a sparse root depthmap.

Fig. 7.1 contrasts our method with prior self-supervised depth and SfM methods. To our best
knowledge, there has not been prior work showing geometry-based self-supervised depth benefits
supervised models. However, self-supervision is supposed to augment supervised models with
unlabeled data. In Fig. 6.2, our unique pipeline gives the first evident results, that self-supervision
with as few as 5 frames already benefits supervised models.

Despite depths, our multi-view RANSAC pose has certified global optimality under a robust
scoring function. It outperforms prior arts in optimization-based [209, 330], learning-based [240,

273], and NeRF-based [253] pose algorithms.
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Beyond pose and depth, our method has diverse applications. The depth adjustments from our
method provide empirically consistent depthmaps, being important for AR image compositing.
When with RGB-D inputs, our method enables self-supervised correspondence estimation. Our
accurate pose estimation gives improved projective correspondence than the SoTA supervised

correspondence input. An example is in Fig. 6.9. We summarize our contributions as:
* We propose a novel local SfM algorithm with Bundle-RANSAC-Adjustment.

* We show the first evident result that self-supervised depth with as few as 5 frames already

benefit SOTA supervised models.
* We achieve SoT'A sparse-view pose estimation performance.
* We enable self-supervised temporally consistent depthmaps.

* We enable self-supervised correspondence estimation with 5 RGB-D frames.

6.2 Related Works

Structure-from-Motion. SfM is a comprehensive task [209, 286]. A typical pipeline is,
correspondence extraction [ 160, 254, 30], two-view initialization [ 17, 143], triangulation [142, 183],
and local & global bundle-adjustment [209, 286]. Classic methods require diverse view variations
for accurate reconstruction. Our method compensates SfM on scarse camera views via introducing
deep depth estimator. Further, we suggest SfM itself is a self-supervised learning pipeline, as in
Fig. 7.1. Finally, our SfM is not up-to-scale and shares the metric space as the input depthmap.
Sparse Multi-view Pose Estimation. Estimating poses from sparse frames is crucial for self-
supervision [88, 325, 197, 312, 47], video depth estimation [330, 240, 93, 258], and sparse-view
NeRF [253, 60, 119, 148, 180]. Camera poses are estimated either by learning [88, 47, 240, 93],
optimization [330, 322] or together with NeRF [253, 148]. We propose an additional multi-view
RANSAC pipeline with improved accuracy.

Self-supervised Depth and Correspondence Estimation. Multiple works improve self-

supervised depth in different ways, including learning loss [88, 278, 191], architecture [95, 326],
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camera pose [165, 322, 45], joint with semantics segmentation [327], and using large-scale
data [229, 295]. Recently, [229] shows self-supervision only performs on-par with supervised
models under substantially more data. [295] shows the benefit of self-supervision via exploiting
non-geometry monocular semantic consistency. Our method shows the first evident results where
self-supervision benefits supervised models with only 5 consecutive frames.

Consistent Depth Estimation. AR applications necessitate temporally consistent depthmaps, i.e.,
depthmaps from different temporal frames reside in the same 3D space. Recent works [321, 162]
align depthmap according to the poses and points from the off-the-shelf COLMAP algorithm. Our
method seamlessly integrates SfM with monocular depthmaps, outputting consistent depth and
poses.

Test Time Refinement (TTR). TTR aims to improve self-supervised / supervised depth estimators
in testing time with RGB video [45, 35, 279, 221, 134]. Methods [116, 245] rely on off-the-shelf
algorithms for pseudo depth and pose labels. Recently, [116] first shows TTR improves supervised
models. TTR is our downstream application, which details strategies for utilizing noisy pseudo-

labels.

6.3 Methodology

Our method runs sequentially. From N calibrated images 7, we extract N monocular depthmaps
P and N X (N — 1) pair-wise dense correspondence C. We split the N images into one root frame
I, in the center of the N-frame window where o = L%J, and N — 1 support frames I;, where
i € N* = [1,N]\{o}. In Sec. 6.3.1, after setting the root frame as identity pose, we use Bundle-
RANSAC-Adjustment to optimize N — 1 poses # and N — 1 depth adjustments R. Next, in
Sec. 6.3.2, we apply triangulation by optimizing a frustum Radiance Field (RF) V, i.e., a NeRF
without network. Finally, in Sec. 6.3.3, we apply geometric verification by rendering multi-view

consistent 3D points from RF. An overview is in Fig. 6.3.

6.3.1 Bundle-RANSAC-Adjustment Pose Estimation
We generalize two-view RANSAC with multi-view constraints through Bundle-Adjustment.

Sec. 6.3.1.1 describes our pipeline. In Sec. 6.3.1.2, we propose Hough transform to accelerate
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(c). Sec. 3.3
Geometric Verification

(a). Sec. 3.1
Bundle-RANSAC-Adjustment

~
>
A

/' / Frustum Radiance Field

> & —@ » (b). Sec. 3.2

Frustum RF Triangulation

‘\

Self-supervision as Local SfM

I, at frame t

Figure 6.3 Algorithm Overview. After extracting monodepths and correspondence maps from
inputs: (a) We apply Bundle-RANSAC-Adjustment to optimize N — 1 camera poses £ and N — 1
depth adjustments R. (b) We fix poses and depth adjustments and optimize a frustum Radiance
Field (RF) for triangulation. (c) We apply geometric verification to extract multi-view consistent
3D points via rendering with RF. We further detail step (a) in Fig. 6.4, 6.5, and 6.6, and steps (b)
and (c) in Fig. 6.7.

computation. We discuss the time complexity in Sec. 6.3.1.3.

6.3.1.1 Optimization Pipeline

RANdom SAmple. We use five-point algorithm [143] as the minimal solver. We execute it
between root and each support frame, extracting a pool of (N — 1) X K normalized poses (i.e.,
pose of unit translation), Q= {E]-c | i e N*, k € [1,K]}, where Ff € R34, The K is the number
of normalized poses extracted per frame. We term a set of N — 1 normalized poses as a group
P e RIN-Dx34 Two-view RANSAC enumerates over single normalized pose P. Our multi-view
algorithm hence enumerates over normalized pose group #. We initialize the optimal group P as
the top candidate from K poses of Q for each frame. See examples in Fig. 6.4.
Bundle-Adjustment Consensus. While computing consensus counts, the camera scales S and
depth adjustments R are automatically determined with bundle-adjustment to maximize a robust
scoring function:

pi = ¢(P) = max f(S,R | P, D,C). (6.1)

Search for Optimal Group. Our multi-view RANSAC has a significantly larger solution space
than two-view RANSAC. With N view inputs, we determine the optimal group out of KV-!

combinations. Hence, we iteratively search for the optimal group with a greedy strategy. For each
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Figure 6.4 Pose Optimization Pipeline. We show a sample execution when N =3 and K'=3. We
initialize normalized pose candidates pool Q. Optimal group P is set to top candidates within Q.

In each epoch, Eq. (6.2) ablates pose group flk Each group is scored with Eq. (6.1) via BA with
Hough Transform, detailed in Sec. 6.3.1.2. The optimal group with the highest score is updated
with Eq. (6.3). Termination occurs when the maximum score stabilizes. We maintain quadratic
complexity by avoiding repetitive computation after the first epoch, shown with the Comp. Graph,
detailed in Sec. 6.3.1.3.

epoch, we ablate (N — 1)(K — 1) additional pose groups:
—k —k —% —k
P =P \{P;} U {P;}, (6.2)

where i € N* and k € [1,K]. Combine Eq. (6.2) and Fig. 6.4, taking frame i as an example,
we replace the optimal pose Ek by its K — 1 other candidates E{{, generating K — 1 groups. For
N frames, we have (N — 1)(K — 1) + 1 groups. We apply bundle-adjustment to each group to
evaluate Eq. (6.1). As shown in Fig. 6.3 and Fig. 6.4, we select the normalized pose together with

its optimized scales and depth adjustments that maximize the scores as the output,

P = b(ﬁ-k,Si*), RY = R¥, where k = arg max{p"}, 5; = ﬁ{c, S; =8k, (6.3)

(2 1

where b (-) combines normalized poses with scales. Fig. 6.2 third column plots an adjusted temporal
consistent depthmap after applying R*. In Fig. 6.4, the algorithm terminates when the maximum
score stops increasing.

Scoring Function. Similar to other RANSAC methods, we adopt robust inlier-counting based
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scoring functions. Expand Eq. (6.1) for a specific group P:

$(P) = Z Z fij(sissjsriori | P P; DD, C ), (6.4)
Li#j j
where 7, j are frame index. We set per-frame camera scale, depth, depth adjustment, and corre-

spondence as s € S, D € D, r € R, and C € C. The scoring function f; ;(-) has various forms.

First, we describe a 2D scoring function:

70 = Z 1 (||7T(Si, spri | PPy dl") —¢f'|la < AZD) ; (6.5)

m

where m € [1, M] indexes sampled pixels per frame pair. fl.,zjl.)() measures the inlier count between
depth projected correspondence and input correspondence. 7(+) is projection process. Intrinsic is
skipped. d and c are depth and correspondence sampled from D and C. An example is in Fig. 6.5.
The 1(-) is the indicator function. The projected pixel is an inlier if it resides within the circle
of radius A?P and center at correspondence c;.’fj (denoted as p; in Fig. 6.5). cZ’j is sampled from

correspondence map C; ;. Second, we introduce a 3D scoring function:

SR = Yl i | B d?y = 77 55 1 By dlla < 4°P). (6.6)

Depth pair d; and d; is determined by correspondence. Unlike the 2D one, the 3D function fixes

depth adjustment . Function 7! (-) back-projects 3D point.

6.3.1.2 Hough Transform Acceleration

Maximizing Eq. (6.1) for each pose group is computationally prohibitive, as shown in Fig. 6.4. We
propose Hough Transform for acceleration. We use Eq. (6.5), the 2D function £2P(-) as an example

for illustration. See our motivation in Fig. 6.5.

Hough Transform. The relative pose between P; and P ;s defined as:
Py =P =R, 5] = [RR —sRRT+ 5] (6.7)

where R, t, and s are rotation, normalized translation and pose scale. From Eq. (6.7) and Fig. 6.5,

t; ; is controlled by the scale s; and s, and thus we have:

lim t;=-RR't;, lim t;=t;. (6.8)

s;—+inf : s;—+inf
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Figure 6.5 Hough Transform between Two Normalized Poses. With fixed normalized poses,
there exists three variables, scales s; & s; of P & fj and adjustment r;. Pixel p; and p; are
corresponded. Ablating pose scales maps pixel p; to a set of epipolar lines {I;}, however, bounded
by Red and Green at infinite scales. We have three observations. First, with fixed normalized poses,
epipolar lines I; have limited possibilities. Second, scale s and depth adjustment d are equivalent,
both adjusting projection on epipolar line. Third, per epipolar line, to be an inlier, the projection
has to reside within the line-circle intersection, between p' and pS?. The observations motivate
us to discretize the solution space to a 2D matrix, i.e., Hough Transform. Right figure plots an
example transformation Hl’” " from frame i to j on the mth pixel p;.

For a pixel p; on frame i, its corresponding epipolar line l; on frame j is:
L =KT[t;;].R;;K'p;. (6.9)

Eq. (6.8) and Eq. (6.9) suggest the epipolar line has limited possibilities. Operation [-], is the
cross product in matrix form. Further, as the depth re-projected pixel p, of p; always locate on the

epipolar line I; [99], we have:
lljrpﬂ :O, pﬂ=7T(Si,Sj,r,' |§,’,Fj,di). (610)
To be an inlier of the scoring function f?P(-), we have:

Ipx — pjll2 < 4%P. 6.11)

Combining Eq. (6.10), Eq. (6.11) and Fig. 6.5, to be an inlier, the projected pixel p, has to reside
within the line segment, with two end-points computed by the line-circle intersection. The circle
centers at corresponded pixel p; on frame j with a radius A?P. We denote the two end-points p}
and p¢. Function J(-) follows [330] Supp. Eq. (4), which maps a projected pixel p, and adjusted

depth r;d; to camera scale s; ; as: s;; = J (E, s Fidi, Pr)-
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X

Figure 6.6 Visualize Hough Transform Matrix Hlj from Eq. (6.18). Area with higher intensity
suggests more inlier counts. Given normalized pose group, for N views, there exists N X (N — 1)
matrices Hl] , constraining N — 1 scale and N — 1 adjustments. We plot the start and end points after
optimizing Eq. (6.19) in the figure.

Corollary 1 A pixel is an inlier iff:
J(P,],r, i Py )<s,]<J(Pl],rl i P ) (6.12)
Corollary 2 Scale and depth are equivalent as;
sij =J(Pij,ridi, pr) =11 - J(Pij, div Pr). (6.13)
Combine Eqgs. (6.12) and (6.13),
J(P,],d,,p < —= . < J(P,],d,,p . (6.14)
Set g(-) maps the variables under optimization to intermediate term S;—I’
J(P;j,di,p) < g(riysiys; | PP < J(P;j,di peY). (6.15)

The ith pixel is an inlier if and only if its projection satisfies Eq. (6.15). Note, the value space of

function g(-) is mapped to a 2D space H after Hough Transform:
X = g(l’i, Sis S | ﬁi,ﬁj), y = arccos(lejfj), (616)

where x and y are transformed coordinates. From Eq. (6.16), x is a synthesized translation
magnitude and y is angular variable. We then set x € [0,xmax], and y € [0, Opnax], where

Omax = arccos(—f;- R; ;t;). Finally, the value of H is:

Vy € [O, Hmax], H(x | y) =1,if x € [Jmin, Jmax]a (6.17)
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where Juyin and Jpax are the two bounds from Eq. (6.15). The transformation over the scoring
function f7P with all M sampled pixels between frame I; and I;:

H;, = Z H, 2P (s, s.mi | PLPy) = Hyj(x, ), (6.18)

m
where x and y are functions of s;, s;, r;. Eq. (6.1) becomes:
¢(P) = max Z}; H,;(x(S.R), ¥(S,R)). (6.19)

In our implementation, we discretize H; ; to a 2D matrix.
Accelerate Bundle-Adjustment Consensus. The BA determines N — 1 camera scales and N — 1
depth adjustments to maximize the scoring function ¢(-) in Eq. (6.19). With Hough transform,
BA maximizes the summarized intensity via indexing N X (N — 1) Hough transform matrices H.
It avoids BA repetitively enumerating all sampled pixels. Fig. 6.6 shows an example optimization
process.
Certified Global Optimality of robust inlier-counts scoring function Eq. (6.5) and Eq. (6.6) are
achieved after optimization. See Fig. 6.8 for more analysis.
Optimization with RGB-D. With GT depthmap, the algorithm switches to the 3D scoring function
fl3JD() The depth adjustment is fixed to 1 and the 2D line-circle intersection becomes 3D line-

sphere intersection.

6.3.1.3 Computational Complexity

Naive Time Complexity. From Eq. (6.2) and Fig. 6.4, in each epoch, we evaluate (N — 1)(K — 1)
pose groups with Hough Transform Acceleration. Suppose each group takes 7" iterations to optimize

Eq. (6.19), the time complexity is:
O(N-1)(K-1)-N(N-1)-(M+T)), (6.20)

where each group computes N(N — 1) Hough matrices H. Each matrix enumerates M sampled
pixels, see Eq. (6.18). Maximizing Eq. (6.19) becomes indexing H, hence has constant time

complexity 7, where T << M.
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(a) Triangulation (b) Geometric Verification

Figure 6.7 Triangulation optimizes frustum RF for multiview consistency w.r.t. depth and corre-
spondence. Geometric Verification inferences RF for sparse multiview consistent 3D points. For
simplicity, in (a), we only plot L. defined from the root frame.
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Figure 6.8 Ablation Studies on the ScanNet.

Counting Unique Hough Matrices. Most computation is spent on Hough matrices. In Fig. 6.4,
each connection in the computation graph suggests two unique Hough matrices. We minimize time
complexity by only computing unique Hough matrices. In Fig. 6.4 first epoch, the initial optimal
group P has N (N — 1) matrices. Each ablated group only differs by one pose, hence introducing

2(N = 1)(N — 1)(K — 1) matrices. The first-epoch complexity is then:
OF(N(N - 1)M +2(N - )*(K - 1)M) + OBA(N(N - 1)(K - )T). (6.21)

Only the Hough transform is accelerated. As T << M, the complexity of BA is neglectable. After
the first epoch, P only updates one pose per epoch, hence introducing 2(N — 2) (K — 1) matrices.

The complexity for the rest epochs is,

O"(2(N =2)(K —1)M) + OPA(N(N = 1)(K = )T). (6.22)
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Dataset Method Density | dgs o1 Si,e A.Rel S.Rel RMS RMS)y,

ZoeDepth [19] 919 0.877 0.963 | 6.655 0.056 0.016 0.154 0.075

ouws 1% 10902 0976 | 5901 0050 0.014 0.149 0070
ZeroDepth [153] 0.641 0.834 | 12.860 0.124 0.086 0.337 0.152

SeanNet 2 ours >O% 10686 0877 | 9.463 0.106 0067 0295 0133
Metric3D [303] 2 6% 0.804 0.946 | 6.708 0.067 0.020 0.150 0.084
1 Ours D0 0.854 0968 | 4170 0.055 0.014 0.125 0.068
ZoeDepth [19] 4.0% 0.677 0.899 | 14.154 0.103 0.490 3.521 0.153

ouws ¢ % 10719 091013220 0.094 0474 3.499 0.145
ZeroDepth [153] 0.584 0.844 | 16.468 0.132 0.819 3.486 0.183

KITTROO T Jours #3% Jo.654 0877 13881 0.115 0772 3395  0.164
Metric3D [303] 390, 0.846 0.958 | 9.226 0.072 0.508 2.194 0.104
2 Ours il 0.860 0963 | 8.896 0.068 0.487 2.139 0.101

Table 6.1 Self-Supervised Depth Estimation. We apply self-supervision with 5 frames via
executing the local STM. We output improved sparse depthmaps over SoTA supervised inputs. The
evaluation is conducted over the root frame.

While Eq. (6.22) has linear complexity, our method only updates one pose per epoch. Updating
poses in all frames like other SfM methods is still quadratic.
6.3.2 Frustum Radiance Field Triangulation
Frustum Radiance Field. Now, we fix the optimized pose £*. Then we employ a frustum
radiance field V of size H X W x D for dense triangulation. Field V is defined over the root frame
I, and shares similarity with the categorical depthmap [79, 18]. We follow [277, 253] in rendering
the depth d. The RGB estimation is skipped as unrelated. A 3D ray originated from pixel p; at
frame i is discretized into a set of 3D points and depth labels. With slight abuse of notation, we
denote {p;; =0+ d;r |t € [1,T]}, where p is a 3D point, d; is depth label and r is ray direction.
Set integration interval ¢; = d;+1 — d;, depth d is:

d(pi) = ) ads, o, =T,(1 —exp (=038,)), Tr =exp(— ) ody). (6.23)

1 refl]

We set the camera origin of frame 7 as 0. Instead of regressing occupancy 6 with MLP [277, 253],

we directly interpolate the radiance field V:
.
6= Vv, w),where |u v w| = 7(E,By). (6.24)

Matrix E is the identity matrix. Function 7 (-) is projection function. Compared to using the MLP,

frustum radiance field V is more computationally efficient [78].
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Triangulation. Classic triangulation method [209] operates on a single 3D point. The RF provides
additional constraints where all optimized points share a canonical 3D volume. In Fig. 6.7, we
supervise V for multi-view consistency between dense depthmap 9 and correspondence map C.

On depth:

1 nm m
a7 2o 2 I p™) — dll. (6.25)

Here, p™ is rendered from the root frame, following depth computed with Eq. (6.23). To apply
correspondence consistency, we have:

Le= N(N_ 5 MZ;,; Ix(P;. B}") - gl (6.26)
where p' = (P, p!,d(p’)),p!" = n(P;, p™). With slight abuse of notation, function 7 (-) returns
depth for Lp, and location for L. We always first render from the root frame and subsequently
project to N frames. From there, we project to other supported frames again, forming N(N — 1)
pairs.

6.3.3 Geometric Verification
With the RF optimized, we apply geometric verification to acquire sparse multi-view consistent
3D points, as in Fig. 6.7:

C={D clzn} o =1if y |Ip" = p"[l2 < A°. (6.27)

i,i#0 1,i#0

We follow the same rendering process as training, where p” is computed with Eq. (6.26). First, we
render 3D points from the root frame, project them to other views, and render 3D points from there
again. A point is valid if a minimum of n° views are consistent with the root.
6.4 Experiments
6.4.1 Self-supervised Depth Estimation

We benchmark whether self-supervision benefits supervised depth in unseen test data. For the
correspondence estimator, we use PDC-Net [251]. For depth estimators, we adopt recently pub-
lished in-the-wild depth estimator, including ZoeDepth [19], ZeroDepth [153], and Metric3D [303].

We evaluate with ScanNet [52] and KITTI360 [147] where all models perform zero-shot prediction.
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Method Sos 61 | Sl A.Rel S.Rel RMS RMSy,,
ZoeDepth [19] | 0.658 0.894 | 9.242 0.104 0.039 0.255 0.128
2 Ours 0.793 0942 | 9.242 0.079 0.024 0203  0.105

~ ZeroDepth [153] | 0.351  0.589 | 20.145 0254 0.223 0.565 0.287
2 Ours 0.490 0.725 | 20.145 0.199 0.156 0.457  0.237

Metric3D [303] | 0.533 0.753 | 12425 0216 0339 0495 0.228
2 Ours 0.664 0.838 | 12.425 0.137 0.126 0.345 0.175

Table 6.2 Consistent Depth Estimation. We measure the numerical improvement by aligning
the support frame depthmaps to the root frame with our depth adjustment scalars. The evaluation
is conducted on support frames on ScanNet [52].

Method Train Test | PCK-1 PCK-3 PCK-5 AEPE
PDC-Net [251] 0.119 0.511 0.743 4.612
1 LightedDepth [330] M S 0.061 0.341 0.563 6.590
2 Ours 0.178 0.658 0.866 2.898
RoMa [69] 0.144 0.583 0.815 3.333
1 LightedDepth [330] S S 0.066 0.359 0.588 5.974
2 Ours 0.183 0.638 0.844 3.067

Table 6.3 Self-Supervised Correspondence Estimation. We improve correspondence with RGB-
D inputs, using metrics from [251]. The entry train and test are training and testing datasets of
correspondence estimators. [Key: M=MegaDepth, S=ScanNet]

Test Data. In dense correspondence estimation, methods [331, 253, 251] output confidence
score per correspondence. We follow [253, 251] to set a minimum threshold of 0.95. We run on
ScanNet test split and it returns 92 sequences with sufficient correspondence. We form our test
split by sampling 5 neighboring frames per valid sequence. Similarly, we run on KITTI360 data
and randomly select 100 X 5 test split, i.e., 100 sequences with 5 frames each. We consider it a
comprehensive experiment. Similar to SPARF [253], our triangulation trains a NeRF-like structure.
For reference, SPARF experiment on DTU dataset [118] includes only 15 sequences each with 3
images. In comparison, we include around 100 sequences.

Evaluation Protocols. We evaluate on root frame. We remove the scale ambiguity in the local
SfM system to correctly reflect depth improvement. Specifically, we adjust all 5 depthmaps by an
identical scalar computed between estimated root and GT depthmap, i.e., the median scaling [90].
This eliminates scale ambiguity in the root frame while preserving it in support frames.

Results. In Tab. 6.1, our point cloud has a density of 2.6% — 9.1%, which amounts to 10 — 30k

points on a 480 x 640 image. On accuracy, we have unanimous improvement over all supervised
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Figure 6.9 Self-supervised Correspondence Estimation enabled by our method with RGB-D
inputs. The correspondence error is marked by the radius of the circle.

models of both datasets. Especially, we outperform strong baselines of ZoeDepth on ScanNet and

Metric3D on KITTI360.

6.4.2 Consistent Depth Estimation

We evaluate on ScanNet. We follow Sec. 6.4.1 data split but evaluate the support frames.
Temporal consistent depth is essential for AR applications [162]. Tab. 6.2 reflects the performance
gain by aligning support frames to root with adjustments, which are jointly estimated with camera

poses, see Fig. 6.2 and Fig. 6.3.

6.4.3 Self-supervised Correspondence Estimation

Real-world image correspondence label is expensive, e.g. KITTI provides only 200 optical flow
labels. Existing datasets, such as MegaDepth and ScanNet, require large-scale 3D reconstruction
with manual verification. Hence, correspondence estimators can not fine-tune on general RGB-D
datasets like NYUv2 [222] or KITTI [83]. But our method enables self-supervised correspondence
estimation on RGB-D data when using 3D scoring function Eq. (6.6). The camera poses are
optimized with the point cloud specified by depthmap and correspondence. The accurate pose in
turn improves projective correspondence. In Tab. 6.3, with 5 RGB-D frames, our method improves
projective correspondence over inputs. We use the same test split as Sec. 6.4.1. The evaluation
accumulates correspondence of each frame pair. Fig. 6.8a shows our improvement is unanimous

over both confident and unconfident estimation. A visual example is in Fig. 6.9.
6.4.4 Sparse-view Pose Estimation

Comparison with Optimization-based and Learning-based Poses.  Previous studies either

evaluate two-view pose [240, 93], or SLAM-like odometry [273]. For more comparison, following
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Frames | Method Zero-shot | Suc. (%) | PCK-3 C3D-3 Rot. Trans.
COLMAP [209] 36.7 0.584 0.863 0.577 1.296
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DeepV2D [240] - ScanNet
DeepV2D [240] - NYUv2
DeepV2D [240] - KITTI

5 LightedDepth [330]

DRO [93] - ScanNet

DRO [93] - KITTI

DUSt3R [273] w.o. Intrinsic
DUSt3R [273] w.t. Intrinsic
Ours

100.0 0.656  0.853 0.385 1.200

AN N

Table 6.4 Sparse-view Pose Comparison with optimization-based and learning-based methods.
We only compare against COLMAP on its success sequences. Our method performs zero-shot
testing on ScanNet while outperforming DeepV2D [240], DRO [93] with ScaNet [52] in training
set. DUSt3R [273] trains on a similar dataset ScanNet++ [301].

Sec. 6.4.1 ScanNet split, we keep root frame and gradually add neighboring frames. In Tab. 6.4,
LightedDepth [330] and ours both use PDC-Net [251] correspondence and ZoeDepth [19] mono-
depth. COLMAP [209] uses PDC-Net correspondence. In evaluation, we follow [253] in aligning
to GT poses. In Tab. 6.4, our zero-shot pose accuracy significantly outperforms all prior arts,
including [273, 93, 240] with ScanNet [52] or ScanNet++ [301] in their training set. See Supp.
for complete comparison from 3 to 9 frames. In Fig. 6.8, we attribute our superiority to certified
global optimality over robust measurements.

Comparison with NeRF-based Poses.  Sparse view NeRF methods optimize NeRF jointly
with camera poses, mandating a sophisticated and time-consuming optimization scheme. E.g.,
SPAREF [253], takes one day to optimize the pose and NeRF. Typically, their poses are initialized
with COLMAP. Our method provides an alternative initialization with superior performance. In
Tab. 6.5, our initialization achieves better or on-par pose performance than SoTA [253] while only
taking ~3 minutes (Fig. 6.7). Our lower performance on Replica dataset might be due to ZoeDepth
not being trained on synthetic data. Our work suggests the straightforward “first-pose-then-NeRF”’
scheme also applies to short videos.

Certified Global Optimality . In Fig. 6.8b, our Bundle-RANSAC-Adjustment always finds more
inliers than groundtruth poses. To our best knowledge, we are the first work that extends RANSAC

to a multi-view system.
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LLFF [214] Replica [231]
Method Frames Rot. Trans. | Rot. Trans.
BAREF [148] 2.04 11.6 335 16.96
RegBAREF [148, 180] 1.52 5.0 3.66 20.87
DistBARF [148, 11] 3 5.59 26.5 2.36 7.73
SCNeRF [119] 1.93 11.4 0.65 4.12
SPAREF [253] 0.53 2.8 0.15 0.76
Ours 0.46 1.9 052  4.09

Table 6.5 Sparse-view Pose Comparison with NeRF-based methods following [253].

Run-time. In Fig. 6.8c, we run approximately 3x slower than COLMAP. But both have quadratic
complexity. With 3/5/7/9 frames, we take 0.8/2.0/5.3/9.4 minutes on RTX 2080 Ti GPU, while
COLMAP uses 0.3/0.9/1.8/3.6 minutes on Intel Xeon 4216 CPU. COLMAP runs sequentially.
But our method is highly parallelized. Our core operation Hougn Transform scales up with more
GPUs.
6.5 Conclusion

By revisiting self-supervision with local SfM, we first show self-supervised depth benefits
SoTA supervised model with only 5 frames. We have SoTA sparse-view pose accuracy, applicable
to NeRF rendering. We have diverse applications including self-supervised correspondence and
consistent depth estimation.
Limitation. The NeRF-like triangulation constrains our method from applying to large-scale

self-supervised learning. Its efficiency requires improvement.
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CHAPTER 7

MOTION-FROM-STRUCTURE: LEVERAGING MONOCULAR DEPTH PRIORS FOR
MULTI-VIEW TASKS

Structure-from-Motion (SfM) is a classical 3D vision task for recovering camera parameters and
scene geometry from multi-view images. Recent advances in deep learning and vision foundation
models have led to more robust monocular depth estimation (MDE) models that can directly predict
structure from a single image without relying on camera motion. However, using MDE in SfTM
remains challenging due to its high error variance and the need for affine corrections. While prior
works have incorporated MDE into SfM pipelines, it is generally used only to initialize sparse
keypoints, discarding most of its dense predictions. In this paper, we introduce the notion of
Motion-from-Structure (MfS), which fully leverages the density of monocular depth priors to infer
camera motion. By reformulating bundle adjustment to distinguish inlier and outlier depth pixels,
we eliminate the need for per-pixel adjustments and offer a plug-and-play method that integrates
seamlessly with arbitrary MDE models. We show the efficacy of our approach on multi-view tasks,
including pose estimation, structure-from-motion, and camera re-localization. Our method achieves
state-of-the-art results on camera pose estimation, efficiently scaling to thousands of frames and

highlighting the potential of MDE for multi-view tasks.

7.1 Introduction

Structure-from-Motion (SfM) is a cornerstone of 3D computer vision for estimating camera
intrinsics and extrinsics from image collections. Its versatility has fueled applications across diverse
domains, including 3D reconstruction [81], neural rendering [170], camera re-localization [86], and
robot navigation [96]. Traditional SfM methods [211] operate by jointly optimizing camera motion
and 3D point positions, relying on sparse feature correspondences. However, these methods often
struggle with scenes lacking sufficient texture or with large baseline motions, leading to potential
degeneracy and inaccurate results.

The advent of deep learning has revolutionized monocular depth estimation (MDE) [190, 19],

enabling the direct inference of dense depth maps or point clouds from single images, indepen-
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Figure 7.1 Motion-from-Structure from Monocular Depth. (Left) We directly estimate camera
parameters given monocular depthmaps while jointly optimizing affine depth corrections. Unlike
methods that use depthmaps for SfM initialization, our method avoids per-pixel adjustments and
network fine-tuning, extending arbitrary monocular depth estimation models to multi-view tasks.
(Right) We challenge whether SfM triangulation consistently improves monocular depth, partic-
ularly with limited motion parallax and scene texture. We evaluate a “lower-bound” approach
side-stepping SfM triangulation by relying on robust monocular networks, and found it performs
surprisingly well.

dently of camera motion. This rich structural prior was shown to benefit various downstream
applications [51, 215]. However, leveraging MDE for multi-view tasks received less attention.
While some recent works [26, 20, 227, 66] have explored integrating MDE into SfM pipelines, they
typically use it to initialize sparse keypoints, discarding its dense predictions and relying heavily
on refinement with traditional bundle adjustment.

The performance of SfM-derived point clouds can be scene-dependent, sometimes failing to
surpass the quality of monocular depth maps (Figure 7.1). This observation motivates our “Motion-
from-Structure" approach, which aims to leverage the dense structural information provided by
MDE to directly recover camera motion, effectively side-stepping the triangulation step [102,
12]. This approach has several key advantages: it establishes a robust “lower bound” for pose
estimation, mitigating degeneracy issues inherent in traditional SfM; and it effectively aligns
individual monocular depth maps into a coherent 3D scene representation. Unlike prior methods
that rely on per-pixel depth adjustments and network parameter fine-tuning, our method offers a

plug-and-play solution that can seamlessly integrate with any MDE model (see Table 7.1).
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Optimization Ace-Zero [26] FlowMap [227] VGGSIM [267] MASt3R-SfM [66] Ours

Network Forward v v X X X
Network Backward v v X X X
Pixel-wise Depth v v v 4 X

Table 7.1 Our method relies solely on depthmap pointcloud without adjusting network parameters
and pixel-wise depth values.

A key challenge of utilizing monocular depth maps in conventional SfM lies in adapting methods
optimized for sparse, accurate point clouds to leverage the the dense, high error estimates of MDE.
Prior methods [267, 227, 66, 26] pre-select accurate depth pixels through neural guidance, which
involves training a network to predict noise measurements. Neural guidance, while effective, still
requires optimizing network parameters during bundle adjustment, leading to increased memory
consumption and hindering scalability [227, 66, 186]. A second challenge in aligning independent
depth maps for multi-view images is the necessity of optimizing an affine depth correction per
image [20, 308].

To estiamte camera parameters with dense but noisy depth maps, while jointly optimizing the
required affine depth correction, we use a robust inlier-counting score inspired by RANSAC [77].
Our bundle adjustment maximizes the projective inliers between depth and correspondence maps.
To address the non-differentiability and threshold sensitivity associated with inlier counting, we
compute inliers across all thresholds, transforming the discrete RANSAC process into a contin-
uous cumulative distribution function (CDF) [9]. This allows us to naturally represent the noise
measurement of each depth pixel as a probability derived from the CDF and its corresponding
projective residual, resulting in a smooth, differentiable, and robust optimization.

Our proposed projective inlier function is flexible and compatible with robust loss functions
from prior work [211], offering a plug-and-play framework that extends arbitrary monocular depth

networks to large-scale multi-view 3D vision tasks. Our main contributions are three-fold:

1. A novel bundle adjustment algorithm that can efficiently handle the high noise and affine

ambiguities of dense monocular depth maps. (Sec. 7.3.2)

2. An effective SfM framework successfully leveraging arbitrary MDE to multi-view 3D vision
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tasks. (Sec. 7.3.3)

3. State-of-the-art performance in camera pose estimation and re-localization across multiple

datasets. (Sec. 7.4)

7.2 Related Work

Foundation Models in Multiview 3D Vision. Efforts to develop foundation models for
monocular depthmap estimation [190] and binocular correspondence estimation [70, 251] have been
ongoing. Pioneering studies [274, 140, 315] have unified monocular and binocular tasks within
a binocular pointmap estimation framework. They demonstrate its potential for tackling multi-
view 3D vision challenges, including camera extrinsic and intrinsic estimation. Their formulation
nevertheless includes an optimization process to convert the dense network prediction to low DoF
camera parameters. Our method benefits them with an enhanced optimization objective function
specifically designed for dense and high-variance deep network outputs. Beyond that, our work
encourages the community to reconsider the merits between depthmap and pointcloud network as
monocular depth networks [190] show equal performance with pointcloud network [66].
RANSAC. RANdom Sample Consensus (RANSAC) algorithms [9] aim at robust low-DoF param-
eter estimation in the presence of noisy data. Our work similarly handles noisy input as consuming
high-variance network predictions instead of an accurate sparse point cloud. Several RANSAC
works [246, 9] focus on improving the scoring function via generalizing from binary [77] to con-
tinuous values. Among them, MAGSAC [9] can be considered a special case of our algorithm
with an added assumption that residuals follows a truncated chi-squared distribution. Unlike [9],
we leverage dense predictions, and specifically the induced residual distribution, from pre-trained
monocular depth models to derive an improved scoring function.
SfM with Deep Learning. There have been several pioneering works combine deep learning with
StM [267, 66, 26]. [26, 227] include the network backpropagation during SfM Bundle-Adjustment.
VGGSIM [267] instead formulates STM BA as a network forward process. However, due to higher

computational complexity, both strategies either limit the network size or the scale of SfM. Our
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Figure 7.2 Given (a) input frames, our method consumes their (b) dense correspondence with
confidence scores and (c) depthmaps.

method takes a different approach by decoupling network inference from SfM BA. This enables our
method to benefit ongoing developments of vision foundation models for the SfM process. Finally,
unlike [66], our method supports any monocular depth network beyond MASt3R. Our method
highlights the potential of leveraging monocular networks for the SfM problem. Note, despite our

similar name to [263], we address a different problem.

7.3 Method

To leverage depth priors for multi-view tasks, we initialize depthmaps and dense correspondence
maps using a monocular depth estimator (i.e. , ZoeDepth [19]) and a binocular correspondence
estimator (i.e. , RoMa [70]). An example is in Fig. 7.2. We sub-sample the dense correspondence
map into points to initialize two-view odometry. Our method performs hierarchical Bundle Adjust-
ment, starting from a coarse stage (Sec. 7.3.3.2) to a fine stage (Sec. 7.3.3.3). Fig. 7.3 compares
our algorithm to conventional SfM pipelines.
7.3.1 Overview
Problem Definition. Given as input an unordered collection of N frames {/;};c[y], We optimize
for camera intrinsics K = {K;} and extrinsics £ = {P;}. Using a pre-trained depth network Np
and a correspondence network Nc, we extract N depthmaps D = {D; = Np([;)} and pairwise
correspondence maps C = {C;; = Nc([;,1;),i # j}. We jointly optimize per-frame affine
corrections A = {a;, b; | i < M}, producing aligned depth maps D = a; - D; + b;.

Optimization. Let X = {P,K, A} denote the set of all variables to optimize, and X; =
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Algorithm 7.1 SfM Pipeline Algorithm 7.2 MfS Pipeline

1: Input: Image set 1: Input: Image set
2: Output: Camera poses and 3D points 2: Output: Camera poses
3: Sparse correspondence 3: Dense depth & correspondences
4: Two-view geometry estimation 4: Two-view geometry estimation
5: Incremental SfM: 5: Coarse Stage:
6: - Iterative register new images 6: - Optimize sub-graph log-CDF scores.
7: - Triangulate new 3D points 7: Fine Stage:
8: - Bundle adjustment to refine struc- 8: - Active Sampling.
ture and poses 9: - Optimize global Euclidean CDF
9: Final Optimization: Global bundle scores.
adjustment 10: Output: Optimized poses
10: Output: Optimized poses and 3D
points

Figure 7.3 Comparison of conventional SfM pipelines, e.g., COLMAP [211], to the proposed MfS
approach.

(P;, K;, A;). We formulate this optimization as maximizing a scoring function S

X* = argmax S(X | D,QC). (7.1)
X=(P.K,A)

We define S as a summation of a suitable quality function Q over frame pairs (/;, I;) in the pose

graph G (Sec. 7.3.3.1)

1
SX[D.C)=- ) QX.X;|D;.D;.Cp)), (7.2)

(i.j)eG
where M > 1 is the number of sampled correspondences.

Three-Stage SfM Pipeline. Our SfM runs in three stages: (1) initialization, (2) coarse-stage StM,
and (3) fine-stage SfM. The coarse-stage SfM focuses on robustness by roughly aligning images
by randomly sampling depth and correspondence pixels. The fine-stage SfM refines camera poses,
prioritizing pixels with lower reprojection errors. The following sections begin with the core of
our algorithm: the Bundle-Adjustment process for inlier-outlier separation, followed by detailed

discussion of initialization, coarse-stage SfM, and fine-stage SfM.
7.3.2 Separate Inliers from Outliers in BA

Motivation. As the reader may notice, in Sec. 7.3.1, we use the term “maximizing the scoring

function” instead of the more common “minimizing a loss function" found in other SfM litera-
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ture [186]. This choice emphasizes our connection to RANSAC methods, as both approaches
focus on optimizing low DoF camera parameters from densely noisy inputs. Specifically, we as-
sume dense monocular depthmaps contain sufficient inliers to support camera localization, despite
mixed with outliers. Thus, the Bundle-Adjustment is designed to maximize inliers from dense
depthmaps. After presenting the preliminaries, this subsection starts with a naive yet robust binary
scoring function. However, the non-differentiability of the binarized function poses challenges for
Bundle-Adjustment. To address this, we generalize it to a smooth form by leveraging depthmap
density.

Sampling Depth and Correspondence. We only consider pairs of frames (/;, /;) with a co-
visibility score at least v, defined as the percentage of pixels visible in both frames. For each
co-visible frame pair, we downsample the dense full-resolution depthmaps and correspondence
maps to a fixed number of pixels k. Specifically, between frame i and j, we sample « depth pixels
on frame i and « i-to-j correspondence pixels. We only sample correspondences with a confidence

score at least y.

Projective Residuals. We define the residual r; ; ; as the 2D discrepancy in the k™ sampled

correspondence ¢; j x € C; ;. Denoting ¢; j x as (pi k. qi,j.x) € I; X I, we write

rijk = ||mis; (Dipijik]) — qijk| 59 (7.3)

where the operator 7;_,; projects the pixel p; ; x in frame /;, with its corrected depth value in D,

to frame /;. The projection is defined by the camera intrinsics K;, K; and extrinsics P;, P; [99].

Other robust norms may also be used in Eq. (7.3), e.g., the Cauchy function used in [211].

Residuals to Binary Scoring Function. Given a residual threshold 7, we realize Eq. (7.2) by

setting Q := Q° where
0°(X;, X, |D;,D;,Ci ;) = S Urijx < 7, (7.4)

where 1 (-) is the indicator function. Intuitively, a depth pixel is considered an inlier if its projective
residual is below the threshold 7. The binarized scoring function in Eq. (7.4) is widely used

in RANSAC algorithms [77] for its superiority in managing densely noisy inputs. However, the
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RANSAC algorithm is mostly applied to problem of low Degree-of-Freedom (DoF), e.g., essential
and fundamental matrix estimation [181, 100]. In contrast, the multi-view pose estimation problem
has a significantly larger solution space. This necessitates a continuous scoring function to enable
first-order and second-order optimization methods.

Binary Scoring Function to CDF. The dense depthmaps provide enough samples of projective
residuals to utilize their distributional properties, leveraging the deep priors of the pre-trained MDE
model. Letting R denote the set of all residuals at the current epoch, we model the residual r as
a random variable following an empirical distribution R we obtain by kernel density estimation

(KDE) [223, 126], i.e.,
r~R =KDE(R),R = {rijx | (i.j) € G.k € [«]} (1.5)

Taking inspiration from MAGSAC [9], we smooth out the binary scoring function Eq. (7.4) with a
threshold 7 as:
1
S:(X1D.0) = M;1<ri,j,k <)

zl-/Tp(r)dr+0-/+mp(7)dr:F(7)’ (7.6)
0 T

where p(r) and F(7) = Pr[r < 7] are the probability and cumulative distribution function (CDF)
of R, respectively.

Beyond Binary Scoring Function. Dense depthmaps contain depth pixels with varying noise
levels. Intuitively, a large threshold 7 in Eq. (7.6) encourages to register camera at an approximately
correct location. A small threshold 7 in Eq. (7.6) improves accuracy but risks local minima. To
fully leverage dense depthmaps, we extend scoring function Eq. (7.6) beyond a single threshold by

integrating up to a maximum T,y as:
SX|D,0) = / p(t)-Si(X | D,C) dr. (7.7)
0

Intuitively, Eq. (7.7) extends Eq. (7.6) by summing over infinitely many thresholds. Crucially,

thresholds are sampled according to the natural residual distribution R induced by the rich depth
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Algorithm 7.3 Forward and Backward BA Scoring Function

1: R={p, F} := KDE(R) > smooth score
20 S =5 Yiin Friju) - Lriju < Tmax > forward
3. %S = % Zi,j,kp(ri,j,k) . %ri,]‘,k > backward

priors from the pre-trained MDE model. Formally, the proposed scoring function is:
SX1D.C)= 3 Flrign) - 1rijn < tmal. (7.9
i,j.k
Distinguishing Inliers from Outliers. From Eq. (7.8), the BA process naturally differentiates
inliers from outliers by assigning higher values to depth pixels with smaller residuals while down-
weighting those with larger residuals. Fig. 7.4 illustrates how the BA process differentiates inliers
from outliers. Further, Eq. (7.8) inherits the robustness. For instance, applying Eq. (7.8) to update

the example variable x, e.g., camera rotation component, by computing its gradient:

0 0
&F(ri,j,k) =pr(riji) - &ri,j,k, (7.9)

where gradient of extreme residual values, i.e., those with low probability, is suppressed. Finally,
after optimization, the noise level of a depth pixel is represented by its residual’s probability.
Algorithm 7.3 provides a succinct summary of the proposed Eq. (7.7) scoring function.

Scalability. Our approach is highly parallelizable, making it suitable for large-scale SfM, thanks
to its efficient data structure consisting of simple sets of depth and correspondence pairs. This is
in contrast to traditional approaches requiring full 3D point clouds, which introduces complex for

parallel processing, and more recent methods which run out of memory upon processing upwards

of 200 views, e.g., FlowMap [227] and VGGS{M [267] as reported in [66].

7.3.3 SfM Pipeline
The subsection outlines the proposed SfM process, including initialization, coarse-stage StM,

and fine-stage SfM.
7.3.3.1 Initialization

Pose Graph. We construct a weighted undirected graph G using correspondence maps C. Each

edge g;,; € G is defined as the visibility between frame i and j, i.e., the percentile of pixels visible
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in both frames.

Intrinsic Initialization. In each frame, we use [274] to extract the dense pointcloud estimation.
Next, the dense pointcloud is converted to an incidence field, where we apply the RANSAC intrinsic
calibration method proposed in [328]. If a shared intrinsic is assumed for the input image collection,
we initialize it as the median.

Extrinsic and Depth Adjustments Initialization. @ We adopt a greedy strategy to initiate a
spanning tree from the pose graph G. The root node is chosen as the one with the highest degree.
A new node is added such that it maximizes the total degree of the graph after its inclusion. E.g.,
when frame i is added, its extrinsic P; and depth scale adjustment s; are simultaneously initialized.

The depth bias adjustment b; is initialized to O.
7.3.3.2 Coarse-Stage SfM

Logged Residual. Asin Fig. 7.5, coarse stage prioritizes to register frames with an approximately
correct location to avoid local minimum. We apply logarithm operation to the L2 norm residual in
Eq. (7.3) to enhance robustness:

rijx = log(1+7i). (7.10)

Graph Decomposition. Suppose the frame i is poorly registered, its corresponding residual r; ; «
exhibits significantly large values. Due to the robustness property of Eq. (7.8), the residuals with
larger values are automatically assigned lower weights and smaller gradients. These characteristics
cause poorly registered frames to become "stuck" in a local minimum. We propose a graph
decomposition strategy to mitigate the occurrence of early local minima. For the graph G, we
decompose it into a N subgraphs G;:

G=> G, Gi=1X, &), (7.11)

ieN

where X; ={I;} U N(;), and &§; ={(I;,I;) | I; € N(I;)}. Each subgraph G, is a directed graph,

includes the i-th frame I; and its neighbouring frames N (v;). Correspondingly, the Eq. (7.8)

106



0.015 A —— Step 0 PDF
0.010 - —— Step 1000 PDF
w
a
[= N
0.005 A
O‘OOO A T T T T T T
0 1 2 3 4 5
Logged CDF Loss
1.0 4
0.8 1 'Y
0.6 :
é outlier
0.4 1 —— Step 0 CDF
0.2 inlier
—— Step 1000 CDF
0.0 A

0 1 2 3 4 5
Logged CDF Loss

Figure 7.4 Distinguishing Inliers from QOutliers with Bundle-Adjustment: Distributions of pro-
jective residuals before and after BA show residuals shifting towards zero, indicating the system is
selecting more inliers.

scoring function is formulated as:

SUP, K. A|D,C) = % P AGEN) (7.12)

i,j.k

where qbc(rl!’j’ D =Fr (r}’j, ,)» and r} ~S8(R;). For each logged residual ri}.’ , from frame I;, we obtain
its CDF using the distribution computed only with the subgraph G;.
7.3.3.3 Fine-Stage SfM
From Random to Active Sampling. Our method assumes accurate 3D pointclouds from
depthmap estimation for intrinsic and extrinsic calibration. However, the random sampling strat-
egy in Sec. 7.3.3.1 still includes noisy depth pixels. While the robust scoring function Eq. (7.8)
suppresses noisy pixels, actively sampling accurate ones could further improve performance. There-
fore, in the fine-stage SfM, we prioritize depth pixels with smaller residuals. First, we accumulate

pair-wise residuals as follows:

I
Fldim) = T > Tk (7.13)
N 24
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Figure 7.5 Hierarchical Bundle Adjustment (BA). We visualize our coarse-stage (Sec. 7.3.3.2)
and fine-stage (Sec. 7.3.3.3) BA process using the 7-Scenes dataset [219] - sequence “Stairs”. With a
poor initialization, the coarse-stage Bundle Adjustment registers camera poses to an approximately
correct location. Then, the fine-stage optimization further improves pose accuracy.

COLMAP [210] ACE-Zero [26] FlowMap [227] VGGSfM [267] DF-SfM[105] MAStBR-SfM [66]  MIFS (Ours)

Scene RRA RTA |RRA RTA |RRA RTA | RRA RTA | RRA RTA | RRA RTA RRA RTA
courtyard 563 600 | 40 19 | 75 36 | 505 512 | 807 748 | 89.8 64.4 947 947
delivery area | 34.0  28.1 | 274 19 | 294 238 | 220 196 | 825 820 | 83.1 81.8 83.1 83.0
electro 533 485 | 169 79 | 25 12 | 799 586 | 828 812 | 100.0 955 956 782
facade 922 900 | 745 641 | 157 168 | 575 487 | 80.9 8.6 | 74.3 75.3 100.0  99.2
Kicker 873 862 | 262 168 | 15 15 |1000 978 | 935 91.0 | 1000  100.0 | 100.0 98.9
meadow 0.9 0.9 38 09 | 38 29 |1000 962 | 562 581 | 58.1 58.1 100.0  58.1
office 369 323 | 09 00 | 09 15 | 649 421 | 71.1 545 | 1000  98.5 100.0  86.2
pipes 308 286 | 99 1.1 6.6 121 |1000 978 | 725 61.5 | 1000  100.0 | 100.0 96.7
playeround | 172 181 | 38 26 | 26 28 | 373 408 | 705 70.1 | 100.0  93.6 947 938
relief 168 168 | 168 17.0 | 6.9 77 | 596 579 | 329 329 | 342 40.2 100.0 989
relief 2 11.8 118 | 73 56 | 84 28 | 699 703 | 409 391 | 57.4 76.1 100.0 989
terrace 100.0 1000 | 55 2.0 | 332 241 | 387 296 |100.0 99.6 | 100.0  100.0 | 100.0 100.0
terrains 100.0 995 | 158 45 | 123 138 | 704 549 | 100.0 91.9 | 58.2 52.5 100.0  95.4
Average 490 478 | 164 97 | 101 88 | 654 589 | 742 707 | 81.2 797 975 909

Table 7.2 Multi-view pose estimation benchmark on ETH3D dataset [213, 212] in terms of RRA
(@5) and RTA (@5). (sparse-set STM)

Eq. (7.13) calculates the average residual of each depth pixel across its connected frame pairs. Next,
we employ a Non-Neighborhood Suppression strategy, similar to Non-Maximum-Suppression
(NMS) in detection literature. We begin by sampling depth pixels with the smallest residuals,
excluding their neighbors as each is selected. In summary, the proposed active sampling utilizes
depthmap density to approximate the triangulation process in classic SfM literature. We assume
that depth pixels within a spatial neighborhood inherently capture its variance.

Residual and Pose Graph. We change the Eq. (7.3) residual to its simple L2 norm. Meanwhile,

we define the pose graph to include all images as in Eq. (7.8). Also see Fig. 7.5.
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7.4 Experiments
We demonstrate the efficacy of our method through evaluations on two fundamental 3D vision

tasks: structure-from-motion (SfM) and camera re-localization.

7.4.1 Datasets

We distinguish two types of SfM datasets, selecting a representative of each. We denote
sparse-set datasets as those with minimal visual overlap between frames, selecting the ETH3D
dataset [213, 212], following MASt3R-StM [66]. We denote dense-set datasets as those with high
amounts of visual overlap between frames, typically present in video sequences with hundreds to
thousands of frames. Due to their scale, dense-set data poses significant challenges for traditional
feature-matching approaches. Here we select the ScanNet dataset [53]. Its ground-truth odometry
enables direct comparison with COLMAP [210] for both calibrated and uncalibrated camera lo-
calization settings. From the 100 ScanNet test sequences, we sample at 5 FPS then select the 71
sequences where the frames do not exceed 2500, ensuring that preprocessing remains manageable
and COLMAP [210] runs successfully. For camera re-localization, we use the standard 7-scenes

dataset [219] following the protocol of marepo [41].

7.4.2 Implementation Details

We parameterize camera pose with a 9D rotation matrix following SPARF [253]. Across exper-
iments, for the coarse-stage sub-graph CDF scoring function, we include pixels with a reprojection
error smaller than exp(15) in L2-norm. In the fine-stage CDF scoring function, we include pixels
with a reprojection error below 20 for ScanNet and 7-Scenes, and below 35 for ETH3D to accom-
modate its high-resolution images. We use the Adam optimizer [127] for 50, 000 iterations with

a learning rate of le™

. Within each pair of frames, we sample x = 300 pixels. The range of
Neighborhood Suppression strategy in active sampling is set to N (I) = 8. We exclude an image
pair if less than v < 15% of its pixels are co-visible. During pre-processing, we sample only from

the dense correspondence map where the confidence scores exceed y > 0.3.
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Calibrated

Uncalibrated

Method Depth Corres. Acc@3° Acc@5° Acc@10° | Acc@3° Acc@5° Acc@10°
COLMAP [210] | - SuperPoint [63] | 0.398 0.589 0.783 0.342 0.505 0.670
ZoeDepth [19] | RoMa [70] 0.396 0.614 0.823 0.372 0.586 0.811
DUSt3R [274] | RoMa [70] 0.426 0.631 0.830 0.403 0.615 0.820
Ours UniDepth [190] | RoMa [70] 0.432 0.636 0.833 0.407 0.612 0.823
DUSt3R [274] | MASt3R [140] 0.432 0.639 0.837 0.384 0.596 0.811
UniDepth [190] | MASt3R [140] 0.439 0.645 0.841 0.393 0.598 0.817
GLOMAP [186] | - SuperPoint [63] | 0.067 0.160 0.347 0.062 0.148 0.331
Ours DUSt3R [274] | MASt3R [140] 0.432 0.639 0.836 0.407 0.621 0.825

Table 7.3 Structure-from-motion benchmark on the ScanNet dataset [53]. (dense-set STM)

7.4.3 Structure-from-Motion Evaluations

We evaluate SfM performance on both sparse-set and dense-set datasets, following the MASt3R-
SfM evaluation protocol and metrics [66].
Sparse-Set. As shown in Table 7.2, our method achieves state-of-the-art performance on ETH3D
with a significant improvement over competing baselines. Notably, our method achieves 100%
in RRA on 10/13 and 95% in RTA on 9/13 scenes, with expected improvement at @3 and @1

benchmarks.

Dense-Set. To highlight the plug-and-play modularity of our method, we employ a variety of
depth and correspondence estimators, comparing against COLMAP [211] and GLOMAP [186].
We report results in Table 7.3, observing superior performance in all configurations. We generally
obtain the best performance with UniDepth as depth estimator, and RoMa and MASt3R as cor-
respondence estimators in the uncalibrated and calibrated regimes respectively. We observe that
textureless ScanNet challenges GLOMAP’s global registration strategy, creating a gap to COLMAP.

These results indicate that the rich information from monocular depth priors enable our proposed

MIS approach to achieve precise pose estimation beyond the best classical approaches, even in large-
scale scenarios.
7.4.4 Camera Re-Localization Evaluations

Recall that camera re-localization is the task of processing a collection of mapping images with
known camera poses to enable accurate pose estimation of new query images. Several approaches

have been proposed for this challenging task, starting from geometric methods based on indexing
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Category Method Chess Fire Heads Office  Pumpkin Kitchen Stairs Average

M AS [207] 4/1.96  3/1.53  2/145 9/3.61 8/3.10 7/3.37 3/222  5.1/2.46
HLoc [203] 2/079  2/0.87  2/0.92  3/0.91 5/1.12 4/125 6/1.62 | 3.4/1.07
SC-wLS [288] 3/076  5/1.09 3/1.92 6/0.86  8/1.27 9/1.43 12/2.80 | 6.6/1.45
E2E NeuMaps [238] | 2/0.81  3/1.11  2/1.17  3/0.98  4/1.11  4/1.33  4/1.12 | 3.1/1.09
PixLoc [206] 2/0.80 2/0.73  1/0.82  3/0.82  4/1.21  3/1.20 5/1.30 | 2.9/0.98
ACE [22] 1.9/0.7 1.9/0.9 0.9/0.6 2.7/0.8 42/1.1 42/1.3 3.9/1.1 | 2.8/0.93
SCR DSAC* [25] 1.9/1.11 1.9/1.24 1.1/1.82 2.6/1.18 4.2/1.41 3.0/1.70 4.2/1.42 | 2.7/1.41
HSCNet [145] 2/07  2/09  1/09  3/0.8  4/1.0  4/12  3/0.8 | 2.7/0.90
HSCNet++ [272] | 2/0.63  2/0.79  1/0.8  2/0.65 3/0.85 3/1.09  3/0.83 | 2.29/0.81
Direct-PN [43] | 10/3.52 27/8.66 17/13.1 16/5.96 19/3.85 22/5.13 32/10.6 | 20/7.26
APR DFNet [42] 3/1.15  9/3.71  8/6.08  7/2.14 10/2.76 9/2.87 11/5.58 | 8/3.47
LENS [172] 3/13  10/3.7  7/58  7/1.9  8/22  9/22  14/3.6 | 8/3.00
marepo [41] 2.1/1.24 2.3/1.39 1.8/2.03 2.8/1.26 3.5/1.48 4.2/1.71 5.6/1.67 | 3.2/1.54
FoundationMDE  MFS (Ours) 2.2/0.77 1.9/0.80 1.1/0.80 3.0/0.91 4.3/1.04 3.7/1.32 2.7/0.78 | 2.7/0.92

Table 7.4 Camera relocalization benchmark on the 7-Scenes dataset [220]. Note only centimeter
precision was reported for most methods.

input images into an explicit map, e.g., as a 3D point cloud, to more recent learning methods that
directly encode the scene into the weights of a neural network. State-of-the-art methods can be
roughly categorized into: feature matching (FM), end-to-end (E2E), scene coordinate regression
(SCR), and absolute pose regression (APR). To comprehensively compare against existing meth-
ods, we use the 7-scenes dataset [219] following the benchmarks reported in marepo [41] and
HSCNet++ [272].

Implementation. Our method remains the same except for the initialization stage, where we
adopt RoMa [70] along with DUSt3R’s two-view estimation [274], using the image with the
highest similarity score retrieved by DIR [89]. This simple adaptation testifies to the robustness
of our optimization strategy, leveraging deep priors for monocular depth. We note that processing
the 7-Scenes dataset [219] particularly benefits from the scalability of our approach and multi-core
implementation, given the sheer size of the dataset.

Analysis. As summarized in Table 7.4, our approach is comparable to or surpasses state-of-the-art
camera localization algorithms. Noticeably, our method exhibits superior robustness due to the
adoption of the robust inlier-counting scoring function philosophy. In the challenging Stairs scene,
characterized by extensive repetitive and textureless surfaces, our method successfully registers

the cameras by maximizing the inlier count. This is achieved by leveraging the sub-graph scoring
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Ablation Acc@3° Acc@5° Acc@]0°

Initialization 0.125 0.359 0.678
w.0. Coarse-Stage STM 0.351 0.582 0.810
w.o. Fine-Stage SfTM 0.396 0.607 0.821
Full Scheme 0.432 0.636 0.833

DUSt3R [274] Depthmap  0.426 0.631 0.830
DUSt3R [274] Pointcloud  0.296 0.497 0.726

Table 7.5 Ablation on calibrated ScanNet [210]: UniDepth [190] (top) and DUSt3R [274] (bottom)
with RoMa [70].

function with a logarithmic loss. Notably, the state-of-the-art methods HSCNet++, ACE, and
DSAC+ are all learning-based scene coordinate regression approaches. Given the poor ground
truth quality of the 7-Scenes dataset [23], these learning-based methods may inadvertently learn

dataset-specific biases, potentially skewing the comparison in their favor.

7.4.5 Ablation Study

We ablate the key design decisions below in Tab. 7.5.
Algorithm Stages. The coarse stage focuses on registering all frames to their correct locations
even under poor initialization. The fine-stage SfM further refines pose accuracy by emphasizing a
small subset of reliable depth and correspondence pixels. Both stages improve performance.
Depth Format. We compare depth maps to the point clouds recently popularized by DUSt3R [274].
We assume point cloud estimation inherently adopts an over-parameterized pixel-wise intrinsic
model, significantly reducing overall SfM performance. Our results further underscore the benefits
of dense depth maps from powerful MDE models [190].
7.5 Discussion
Large-scale dense-set SfM evaluations. Recent learning-based methods claim to surpass classical
approaches, where such evaluations are typically focused on sparse-set StTM [227, 26, 66, 22].
Of the methods we compare to in our evaluations, FlowMap [227] and AceZero [26] evaluate
COLMAP [211] by assessing image rendering quality after training a NeRF. However, the inherent
randomness and complexity of NeRF training introduce additional factors and unknowns, making

it harder to draw conclusions regarding relative performance on the fundamental SfM task. On
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Scene marepo [41] DSAC™ [25](Full) DSAC* [25](Tiny) ACE [22] MIfS

Cubes 71.8% 83.8% 68.7% 97.0% 75.1%
Bears 80.7% 82.6% 73.1% 80.7% 100%
Winter Sign 0.0% 0.2% 0.3% 1.0% 9.3%
Inscription 37.1% 54.1% 41.3% 49.0% 28.3%
The Rock 99.8% 100% 99.8% 100% 100%
Tendrils 29.3% 25.1% 19.6% 34.9% 51.5%
Map 55.1% 56.7% 53.3% 56.5% 45.1%
Square Bench 70.7% 69.5% 60.3% 66.7% 58.6%
Statue 0.0% 0.0% 0.0% 0.0% 0.0%
Lawn 34.2% 34.7% 20.0% 35.8% 85.0%
Average 47.9% 50.7% 43.6% 52.2%  55.29%

Table 7.6 Camera relocalization on Wayspots [22] dataset.

the other hand, MASt3R-SfM [66] evaluates SfM performance on the Tanks-and-Temples dataset
(T&T) [131] but only on a sub-sampled version. Moreover, since T&T uses COLMAP-generated
pseudo-ground truth, such evaluations are inherently biased, as has been highlighted in several
studies [213, 23]. In summary, we promote direct comparisons of state-of-the-art feature-matching
methods, such as COLMAP [211] in dense-set SfM, with hundreds to thousands of frames, as was
recently reported in [186, 270].

Pushing the envelop on camera re-localization.  To fully evaluate the efficacy of our MfS
approach for camera re-localization, further evaluation on additional scenarios is needed. Note
our strong results on ETH3D suggest the approach extends to outdoor settings. Evaluation on
object-centric sequences, such as CO3Dv2 [198], would be valuable as learning-based methods
typically perform well in these cases. It would be interesting to explore whether monocular depth
priors alone can compensate for such specialized approaches, potentially reducing the need for
per-scene adaptations as highlighted in recent studies [41].

Implications for 3D and Vision Foundation Models. The success of our optimization-based
approach for multi-view tasks leveraging monocular depth priors, as recently demonstrated as
well by [308], is similar in spirit to the success of detector-free SfM [105] leveraging dense
feature matching to revise the traditional pipeline. Those results highlight the value of dense

predictions, supplementing the recent trends utilizing point clouds following DUSt3R [274]. It
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IMC Dataset

Type Method AUC@3° AUC@5° AUC@I0°
COLMAP (SIFT+NN) 24.87 34.47 45.94
SIFT + NN + PixSfM [205] 26.45 35.73 47.24
Detector-Based | D2Net + NN + PixSfM [205] 10.27 13.12 17.25
R2D2 + NN + PixSfM [205] 32.44 42.55 55.01
SP + SG + PixSfM [205] 46.30 58.43 71.62
LoFTR + PixSfM [205] 44.80 57.00 70.43
Detector-Free DF-SfM [106] + LoFTR 46.9 59.14 72.44
DF-SfM [106] + AspanTrans. 47.58 59.88 73.29
DF-SfM [106] + MatchFormer 46.32 58.50 71.99
Deep-based VGG-SM [267] 45.23 58.89 73.92
FoundationMDE MITS (Ours) 45.06 58.40 73.17

Table 7.7 Structure-from-Motion on IMC2021 [122] dataset.

would be interesting to further study this gap and explore effective trade-offs through novel network

architectures.

7.6 Conclusion

We introduced a novel “Motion-from-Structure” approach that leverages monocular depth pri-
ors, offering notable benefits for various multi-view tasks. Our method achieves state-of-the-art
results on challenging datasets like ETH3D [213, 212], while also showing competitive perfor-
mance on ScanNet [53] and 7-Scenes [220]. We highlight the potential of fully capitalizing on
monocular depth priors to advance 3D vision, enabling more efficient and scalable solutions for
complex vision tasks. By eliminating the reliance on traditional SfM initialization and improving
robustness, our approach paves the way for the future integration of monocular depth estimation in

large-scale 3D vision applications.
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CHAPTER 8

CONCLUSIONS AND FUTURE WORK

8.1 Conclusions

We present a robust system that integrates deep monocular and binocular models with optimiza-
tion techniques to improve structure and motion estimation from images. Our approach enhances
accuracy across both small-scale and large-scale image collections. By utilizing a depth prior that
remains independent of camera motion, our system ensures reliable performance in challenging
scenarios.

In Chapter 4, we introduce a novel monocular 3D prior, the incidence field, to calibrate monoc-
ular images. This incidence field provides a pixel-wise parameterization of intrinsic properties
that remain invariant to image resizing and cropping. To recover camera intrinsics, we develop a
RANSAC-based algorithm that ensures robust estimation. Extensive benchmarking demonstrates
the effectiveness of our method in real-world, in-the-wild scenarios. Beyond calibration, we show-
case multiple downstream applications that benefit from our approach, highlighting its broader
impact on 3D vision tasks.

In Chapter 2 and Chapter 3, we present advancements in depth estimation and geometric
matching by addressing key challenges in self-supervised learning and pretraining strategies. First,
we introduce a depth estimation framework that explicitly leverages the mutual benefits between
self-supervised depth estimation and semantic segmentation. Our approach advances the state-of-
the-art, achieving performance comparable to supervised methods while significantly enhancing
depth boundary accuracy. Additionally, we explore the benefits of pretraining both the encoder
and decoder of a dense geometric matching network using the paired MIM task. By resolving
the discrepancy between pretraining and fine-tuning, we improve geometric matching performance
by reducing ambiguities in textureless regions and enhancing the representation of local planar
surfaces.

In Chapter 5, we decompose two-view Structure-from-Motion (SfM) into three robust sub-

tasks—normalized pose estimation, camera scale estimation, and residual depth estimation—ensuring
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resilience to deficient views and improving both pose estimation and video-based depth reconstruc-
tion. Building on this, Chapter 6 leverages dense depthmaps and correspondence to achieve SoTA
sparse-view pose accuracy, enabling diverse applications such as self-supervised correspondence
learning, consistent depth estimation, and sparse-view neural rendering. Extending this further,
Chapter 7 generalizes the principles from Chapter 6, demonstrating SoTA performance across var-
ious benchmarks in indoor and outdoor scenes, camera relocalization, and Structure-from-Motion
tasks. Our approach proves effective for both small and large scale camera pose estimation,

showcasing the significant potential of monocular depth estimation in advancing 3D vision.

8.2 Future Work Suggestions

Monocular Depth Estimation. Metric-space monocular depth estimation has become an increas-
ingly important task. Recent studies suggest that camera intrinsics play a crucial role in accurate
metric-space depth estimation. Therefore, depth estimation and camera calibration should be
jointly conducted, i.e., simultaneously estimating camera intrinsics and depth maps, effectively
formulating a monocular SfM approach.

Correspondence Estimation. Geometric matching determines pixel-wise correspondences be-
tween two images. Recent studies have proposed various pixel-wise re-parameterizations of cam-
era motion, highlighting the potential of geometric matching to simultaneously learn both image
matching priors and camera motion priors.

Camera Calibration. Learning-based camera calibration methods still suffer from limitations due
to insufficient camera models. Most datasets are collected using a single camera model, leading to
a lack of diversity in available training data. One potential solution is to leverage large-scale EXIF
image datasets, where focal length and camera model metadata from EXIF files provide a valuable
supervision signal for fine-tuning camera models.

Structure-from-Motion. The SfM pipeline in our approach currently lacks a robust mechanism for
enforcing multi-view consistency in depth triangulation. Integrating a learning-based triangulation
pipeline could enable the system to benefit from both data-driven learning approaches and traditional

optimization-based methods, improving overall reconstruction accuracy.
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