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Abstract

While extensive research exists on stereo disparity estimation algorithms for fixed par-

allel systems, there is limited exploration of active convergent stereo cameras. This thesis

investigates the differences in depth perception between a robot head mimicking human eye

movement with the ability to fixate and a static parallel setup. A novel convergent stereo

algorithm, which is capable of searching for correspondences with diagonal epipolar lines,

is proposed. To evaluate the algorithm, the first natural image convergent stereo dataset

was created, which includes ground truth for parallel views, parallel images of each scene,

and images of fixations across the scene. An in-depth analysis reveals the advantages and

limitations of both systems, highlighting geometric benefits of active convergent stereo, es-

pecially in challenging scenes. The results from these findings can contribute to further the

development of more effective vision-based depth perception system designs for humanoid

robots.
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Chapter 1

Introduction

1.1 Overview

Binocular stereo vision has been an active �eld of research in computer vision and robotics

for many years. However, human binocular depth perception, which has various mechanical

degrees of freedom in the eyes, behaves di�erently from machine binocular depth perception,

which is commonly performed using a �xed pair of cameras that do not move in relation to

each other. Human depth perception involves the coordinated motion of two eyes with a large

amount of �xation points, and it is an active system that performs well for the daily tasks we

need it for. Although there exists a large literature in both the biological and computational

aspects of binocular vision, there has been very little research that investigates the di�erences

between human binocular depth perception and machine binocular depth perception, along

with the advantages and disadvantages of each.

1.2 Motivation

The motivation for this thesis stems from the gap in research where the di�erences in

depth perception have not been explored between a robot head with cameras that have

the same degrees of freedom as human eyes and a traditional �xed parallel stereo camera

pair. Human vision, often more e�cient and dynamic than computer vision pipelines today,

operates on 6 mechanical degrees of freedom (DoF) of the eyes, with three for each eye, and

1



various motions which support visual perception. Investigating depth perception in robots

with similar active abilities of the cameras can reveal geometric advantages in either setup

and can inform us of algorithmic and mechanical design decisions for vision-based depth

perception in robotics in the future.

Current robotic systems often rely on �xed parallel stereo cameras for vision-based depth

perception. Existing research in stereo disparity estimation algorithms predominantly fo-

cuses on �xed parallel stereo cameras for 3D reconstruction. There is a gap in exploring the

potential bene�ts of active convergent stereo camera con�gurations, particularly in mobile

robot heads and humanoid robots. Humanoid robots have been a popular topic of research

for roboticists, computer vision scientists, and psychologists. They are often designed to

mimic human features and capabilities to allow the robot to perform human tasks or to

deploy cognitive science models of information processing or decision-making for veri�cation

purposes. While many robot heads are only equipped with �xed parallel stereo cameras very

few enable depth map computations with active convergent cameras, and to my knowledge,

none evaluate the outputs with ground truth measurements nor analyze the advantages of

an active convergent stereo camera system with respect to the 3D points recovered from

depth map estimates. Comparing the results of parallel stereo and convergent stereo would

be important to reveal any 
aws and strengths each system has.

1.3 Human Visual System

The human visual system includes two eyes that have three degrees of freedom due to 6

muscles. The human eyes have six extraocular muscles that control the movements of each

eye. These muscles, shown in Figure 1.1, involve four rectus muscles: the superior rectus,

which primarily elevates the eye, the inferior rectus, which primarily depresses the eye, the

medial rectus, which controls adduction, and the lateral rectus, which controls abduction.

Two oblique muscles control the torsional movements of the eye: the superior oblique, which

rolls the eyes inward, and the inferior oblique, which rolls the eyes outwards. These muscles

work together to provide the various movements of the eyes [1, 5].

There are a variety of ways that eye motions support depth perception, including control-
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Figure 1.1: The muscles of the eye. Source: Encyclopaedia Britannica [1]

ling vergence to align the retinas for optimal binocular stereopsis [6]. Binocular stereopsis

refers to the process responsible for depth perception based on small disparities between the

images viewed from each eye. Disparity is the di�erence in image location of an object seen

by the left and right eyes. Additionally, when the body or head is in motion, particularly

when the head is tilted, the eyes naturally roll in the opposite direction to compensate for

the head movement and helps maintain a stable visual �eld [7].

Stereopsis was studied by many nineteenth-century scientists, such as Helmholtz and

Hering. Helmholtz's work included studying the horopter and demonstrating that vertical

disparities are used to calibrate depth perception from horizontal disparity [8]. When the

horizontal disparity exceeds a certain value, binocular fusion is broken and two images are

seen, a sensation referred to as diplopia [9]. Panum's fusional area describes the region around

the horopters (regions in space that project to corresponding retinal locations and appear at

the same location when viewed monocularly in each eye) within which binocular fusion can

still occur, allowing for slight disparities to be fused without causing diplopia [10, 11]. While

computer vision commonly only considers horizontal disparity, vertical disparity combined

with a variety of cues is also important for human depth perception. Backus et al.[12] found

that human observers cannot determine a slant on a surface by horizontal disparity alone.
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In addition to horizontal disparity, they also rely on both the vertical size ratio (VSR, a

common measure of vertical disparity is a ratio between the vertical angles subtended by

a surface patch at the left and right eyes) as well as the sensed eye position to interpret

the measured horizontal disparity, giving more weight to VSR when the two are placed in

con
ict.

[13] compares psychophysical methods to determine the perceived egocentric distance. In

general, it is agreed that the physchophysical power function relating perceived distanceD 0,

and physical distance,D is in its simplest form: D 0 = KD n whereK is a constant de�ning

the scale unit, and the exponentn is a parameter that a�ects the acceleration of the function

relating the distance estimates to physical distance.n also indicates the degree of distance

constancy, where ifn > 1:0, there is a positive acceleration and indicates overestimation

of distance, if n < 1:0, there is a negative acceleration and indicates underestimation of

distance, and ifn = 1, then there is perfect distance constancy. Although the reportedn

exponent depends on the psychophysical method used and the environment, as well as many

other factors, it was generally agreed upon that distance estimates became worse as physical

distance to the object increased. For the majority of methods surveyed, the exponent was

less than 1.

Tresilian et al. [14] investigate the contribution of eye vergence to visual distance percep-

tion in near space up to 2-3m. Using ophthalmic prisms to perturb the vergence cue while

leaving the other cues una�ected, the study found that the prisms reliably in
uenced dis-

tance estimates. There was a strong contraction bias (speci�c distance tendency) that was

observed when cues like vergence or size were available in isolation, but the bias progressively

disappeared as more retinal information was added. The contribution of vergence cues was

found to decrease as target distance and other retinal information increased. The authors

note that the relationship with target distance is likely due to decreasing reliability and

larger uncertainty of vergence angle distance indication at larger distances. They concluded

that vergence cues play a signi�cant role in distance perception in near-space perception.

The multiple degrees of freedom utilized by the human eyes are well studied and are

crucial for achieving accurate depth perception and visual stability while mobile. Each eye's

ability to move allows for proper alignment for binocular fusion and stereopsis. It would
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be interesting to investigate the value of the human ability for mobile eyes and the depth

estimations from convergent images in the context of computer vision. A robotic system

will be used in this thesis to investigate these di�erences. The aspects of human vision's

connection to the robotic system consist of the ability to �xate on di�erent parts of the scene

and the importance of vergence. Neurons, brain areas, or other psychophysical relationships

will not be investigated in this thesis.
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Chapter 2

Problem Statement

In human vision, it is evident that the ability to move the eyes play an essential role in

how humans perceive the world. However, there is a lack of research around the performance

di�erences and possible advantages of active convergent stereo systems with the ability to

�xate on di�erent parts of the scene compared to �xed parallel stereo systems. Current

stereo cameras are often �xed and parallel, and most popular stereo matching methods

are based on the assumption that the cameras are �xed and parallel. Additionally, there

are no stereo benchmarks with natural images that provide both parallel and convergent

image pairs as well as ground truth disparity to compare with. Furthermore, of the existing

stereo benchmarks, most images are �lled with many objects and textures that heavily aid

stereo matching algorithms without speci�c sets to evaluate di�cult scenarios that stereo

algorithms commonly fail on.

The work conducted in this thesis involves the development and evaluation of depth

perception using a binocular stereo head designed to provide kinematics and dynamics similar

to those found in biological systems. This thesis aims to address the following research

questions:

RQ1. How do the resulting depth maps of �xed parallel stereo compare to convergent stereo

with multiple �xation points in terms of accuracy and map �delity in various regions?

RQ2. Is there an advantage to having the ability to �xate on di�erent areas in the scene

for depth perception? If so, in which scenarios are the added degrees of freedom
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particularly useful?

RQ3. What are the consequences of rectifying convergent images to be parallel, and is it

better for depth accuracy to perform disparity calculations using original convergent

images?

To answer these questions, a novel stereo matching algorithm that can be used with

any convergent stereo head is proposed. The algorithm is named Convergent Active Stereo

(CAS). Although the use-cases of cyclovergence will not be explored, the algorithm is appli-

cable in scenarios where cameras exhibit cyclovergence. Its performance is evaluated against

state-of-the-art deep learning and traditional stereo methods. To evaluate the proposed

stereo matching algorithm, a novel dataset is created of various objects and scenes that not

only test stereo matching in the presence of an abundance of reliable image information, but

also under common challenging conditions.

The remainder of this thesis is organized as follows. Chapter 3 provides an overview of

the related works, including stereo geometry, stereo algorithms, previously constructed robot

heads and their perception system, and convergent and parallel stereo analyses. Chapter 4

details the process of data collection and the proposed stereo algorithm. Chapter 5 gives an

overview on experiments and results. Finally, Chapter 6 concludes the thesis.

7



Chapter 3

Related Work

3.1 Stereo Geometry

Figure 3.2 illustrates the traditional parallel stereo con�guration. The diagrams show

two pinhole cameras with their optical axes parallel to each other and their image planes

coplanar, the de�ning characteristic of a parallel stereo con�guration. Conventionally, the

global frame of reference is the left camera's frame of reference, and disparity and depth are

computed in this frame. In psychophysics and in human studies, depth is often reported in

terms of cyclopean depth or cyclopean disparities [15]. This information can be obtained if

desired but for the remainder of this document, depth and disparity are reported in the left

camera's reference frame. Figure 3.1 illustrates a 3D scenario of viewing blocks and shows

an example of the views from each camera. Notice that the red dashed epipolar lines in both

the left and right images fall at the same vertical height as each other and slice through

the same corresponding points. The epipolar constraint dictates that for any point in one

image, its corresponding point in the other image must lie on its corresponding epipolar

line. In the case of parallel stereo, with the left camera as the reference frame, all points

viewed by both cameras will have a negative disparity, with the points in the right image

appearing to the left of the points in the left image. This is shown in Figure 3.2. Because of

this parallel con�guration, the search space for corresponding pixels is simpli�ed immensely.

The search space is only in the negative direction along one line. Some traditional stereo

methods typically will use a target pixel in the left image's surrounding patch as a template
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Figure 3.1: Parallel stereo con�guration. a) shows the 3D view of the scene and the parallel
camera geometry. Rlr is the rotation that aligns the left camera's frame of reference to the right
camera's frame of reference orientation, andt lr is the translation that moves the left camera's frame
of reference to the right camera's frame of reference. The principal axes of both cameras are shown
with a dotted line extending from the camera center, through the image center, and outwards. The
principal axes are parallel. b) shows the images obtained from both cameras while viewing the
scene displayed in a). The epipolar lines are horizontal and on the same vertical level, and the
search locations in the right image for a target pixel in the left image are directly to the left of the
left pixel's location in the horizontal direction. If using a patch matching method, the patch sizes
are the same for every search location.

to match along the epipolar line in the right image. The search patches in the right image,

as a result of parallel epipolar lines, are the same shape and size as the patch extracted from

the left image.

In a convergent stereo con�guration the epipolar lines are not parallel, rather, they meet

at epipoles that are not placed at in�nity. Unlike the parallel con�guration, if the cameras

both �xate on one common 3D point, the optical axes of the two cameras will intersect

at a point in 3D space, called the �xation point. Convergent con�gurations are shown in

Figure 3.3 and Figure 3.4. Notice that the red dashed epipolar lines are no longer horizontal

and parallel to the image planes. This means that for a point in the left image, its corre-

sponding epipolar line in the right image is a line that passes through the right camera's
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Figure 3.2: Parallel stereo con�guration with a bird's eye view of the space that can be viewed
in both cameras. a) shows the top-down view of the scene with the solid lines marking the limits
of the cameras' �elds of view and the dotted lines marks the principal axes. b) shows the images
obtained from both cameras when viewing the scene. All objects seen in both cameras will exhibit
a negative disparity when matched between images, as corresponding points will appear more to
the left in the right image. `d' arrows indicate the direction of the object's disparity between the
left and right images.

epipole, which is not placed at in�nity, unlike in parallel con�gurations. A consequence of

this is that corresponding objects may not have the same shape or size when viewed between

the left and right images. Additionally, as can be seen in Figure 3.3, the patch matching

method would not work well in this con�guration, as each patch in a new search location

would have a di�erent shape and size. To accurately use a patch matching method, one

would need to compare patches of di�erent sizes and shapes, which would introduce a large

amount of computational complexity. In Figure 3.4, the cameras are �xated on the blue ball.

The region in front of this ball, which the yellow ball resides within, is an area that guar-

antees negative horizontal disparity, like in parallel images. The points that fall beyond the

�xation point will exhibit positive horizontal disparity, unlike typically negative horizontal

disparities in the parallel con�guration. As can be seen in Figure 3.4, only the yellow ball,

which resides in the negative horizontal disparity area, will have its corresponding points in
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Figure 3.3: Convergent stereo con�guration where both cameras are pointed at the center of the
blue ball. a) shows the 3D view of the scene and the parallel camera geometry.Rlr is the rotation
that aligns the left camera's frame of reference to the right camera's frame of reference orientation,
and t lr is the translation that moves the left camera's frame of reference to the right camera's
frame of reference. The principal axes of both cameras are shown with a dotted line extending
from the camera center, through the image center, and outwards. The principal axes meet at the
�xation point. b) shows the images obtained from both cameras while viewing the scene displayed
in a). Epipolar lines are not horizontal, and the search locations can be in either direction. If patch
matching is desired, the patch sizes and shapes would be di�erent for each search location.

the right image to the left of its location in the left image. The other objects have their

corresponding points in the right image to the right of their location in the left image. In

practice, there is a threshold where positive horizontal disparity turns into negative horizon-

tal disparity with a zero disparity crossing. This zero horizontal disparity crossing area is

centered about the �xation point and appears similar to the horizontal horopter in humans,

an area which also exhibits zero horizontal binocular disparity. The horizontal and vertical

disparity at the �xation point will be zero. The area and shape of the region with negative

horizontal disparity will change depending on the �xation point, and so will the area and

shape of the region with positive horizontal disparity.
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Figure 3.4: Convergent stereo con�guration with a bird's eye view of the space that can be viewed
from both cameras. a) shows the top-down view of the scene with the solid lines marking the limits of
the cameras' �elds of view, and the dotted lines marking the principal axes. The area with positive
horizontal disparity are marked with a stripped gray pattern. The area with negative disparity
are marked with light gray. In practice, there will be an threshold centered about the �xation
point where the positive disparity crosses over to negative disparity. Disparity at this threshold
will be zero. In this diagram, the threshold is approximated. b) shows the images obtained from
both cameras when viewing the scene. The cameras are �xated on the blue sphere. A �xation is
achieved when both cameras' principal axes intersect at the same 3D point. `d' arrows indicate
the direction of the object's horizontal disparity. Note that in a convergent stereo con�guration,
there will be vertical disparity as well. Disparity at the �xation point is zero. c) shows a case
where vertical disparity is evident. It shows a zoomed-in version of the blue dotted windows in
both images seen in b). The dotted windows are on the same vertical height as each other, with
a di�erence in horizontal translation. The white arrows show the visible vertical disparity that
occurs in non-parallel camera con�gurations.

3.2 Stereo Matching Algorithms

Most stereo vision algorithms in the past have been developed for �xed parallel stereo

camera con�gurations as can be seen in surveys and reviews such as in [16], [17], [18], [19], [20], [21],

and [22]. Stereo vision algorithms seek to solve the correspondence problem such that for

every pixel in the left view within the overlapping scene area, which can be viewed in both

cameras, there is a unique corresponding pixel found in the right view to create a dense
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disparity map. The choice of an adequate stereo-matching algorithm can also depend on the

speci�c application requirements and constraints, such as time and resource limitations.

The history of human-inspired stereo matching algorithms is rooted in attempting to un-

derstand and replicate how the human visual system processes binocular disparity to perceive

depth. Early ideas believed that in human vision, object recognition preceded the establish-

ment of binocular correspondence [23]. However, in 1960, Julesz invented the random-dot

stereogram, which demonstrated that stereopsis can occur solely based on disparity alone

and in the absence of identi�able objects [24]. With this, Marr and Poggio developed com-

putational theories of human stereo vision and proposed a 3D network of neurons that

iteratively re�ned disparity estimates based on uniqueness and continuity constraints [25].

The same authors later proposed a di�erent algorithm with psychophysics inspiration, which

used sparse matching zero-crossing primitives at di�erent spatial resolutions, implementing

a coarse-to-�ne re�nement strategy [26]. Bandpass �lters were also introduced as a �rst step

before attempting to match correspondences. The biological inspiration for these bandpass

methods comes from experiments that showed that the visual cortex encodes information

using bandpass spatial frequency �lters [27, 28, 29]. Some methods that use bandpass �lters

rely on the phase information extracted from bandpass-�ltered versions of stereo image pairs.

Instead of comparing pixel intensities or matching explicit features, these methods focus on

analyzing the local spatial frequency content of images and the phase relationships between

the corresponding points [30, 31, 32, 33].

Langley et al. [34] provided a method for interpreting disparity using phase di�erences

as an extension of Marr's work, and can obtain large disparity estimates. They introduced

strategies of smoothing disparity estimates and employing a simulated mechanism for eye

vergence to reduce phase error, resolve aliasing, and bring features into better correspon-

dence. The e�ect of this simulated vergence is to bring features nearer in correspondence,

implying shifting the image at parts to bring correspondence estimates closer to avoid phase

errors at large disparities. The technique was also extended to 2D using orientationally se-

lective �lters, but it introduced a stereoscopic aperture problem where ambiguities exist at

single edges. The aperture problem means that there is ambiguity in determining the dispar-

ity in image regions that contain only singly directional features, such as single edges, and
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in these regions, disparity can only be reliably measured in the direction perpendicular to

the plane. The aperture problem is best resolved in image regions with corner-like features.

Thus, their algorithm does not evaluate vertical disparity at edges. Furthermore, only one

example disparity image of their 2D algorithm was shown, and accuracy was not reported.

Aside from human-inspired stereo matching methods, many methods have been created to

tackle the correspondence matching problem. Traditional stereo vision algorithms are often

categorized into local and global methods. Local methods are also known as area-based

or window-based approaches and determine the disparity of a pixel based on the intensity

values within the window surrounding the pixel in the left image and the candidate window

in the right image. The process for local methods generally involves 4 stages: matching

cost computation, cost aggregation, disparity optimization, and disparity re�nement [16].

Local methods have lower computational complexity but can be less accurate in texture-less

regions or near depth discontinuities. They often su�er from noise sensitivity and variations

in intensity that occur in challenging regions [18].

Global methods, on the other hand, take into consideration the entire image when esti-

mating disparity. They are often more computationally heavy but result in more accurate

disparity maps. Global methods treat disparity estimation as an energy minimization prob-

lem and aim to assign disparity values that minimize the global energy function, often uti-

lizing consistency and smoothness constraints. Some global methods will take advantage of

feature extraction and solving the correspondence problem between features. Global meth-

ods often perform better in challenging areas such as textureless regions, occlusions, and

depth discontinuities [18].

Traditional methods often build upon matching constraints, some of which occur due

to the parallel con�guration of the cameras. For intensity-based approaches, the matching

pixels are assumed to have similar intensity values or the matching windows must be highly

correlated. The uniqueness constraint states that almost always, given a pixel or feature

from one image, it can match no more than one pixel or feature from the other image

unless transparent objects are present. Another constraint is the continuity constraint where

disparity of matches should vary smoothly unless at a depth discontinuity. The epipolar

constraint [35] states that given a pixelm in the left image, its corresponding pixelm0 in the

14



right image must lie on the epipolar line which is conveniently at the same height asm and

is strictly horizontal in parallel stereo con�gurations. The ordering constraint states that if

m and m0 are corresponding pixels andn and n0 are another pair of corresponding pixels,

and if m is to the left of n, then m0 should also be to the left ofn0. This constraint holds true

in most places other than areas known as the forbidden zone [35] where the constraint fails.

The forbidden zone is where if in the left imagem is to the left of n, but in the right image,

m is to the right of n. This occurs when a 3D pointn is in the area, which is constrained

by the line connecting the left image center to the 3D pointm and the line connecting the

right image center to the 3D point m. In Figure 3.2, if the blue ball ism and the yellow

ball is n, then n would be inside the forbidden zone. If the red square ism and the green

square isn, then this constraint holds true. With these assumptions, these methods cannot

compute convergent images even without the horizontal epipolar line constraint, as it is not

guaranteed that corresponding pixels occur ordered in both images, since points in 3D past

the �xation point will have disparity in the opposite direction.

One widely used traditional method is Semi-Global Matching (SGM) [36]. This method

starts with a pixel-wise cost calculation based on mutual information using a hierarchical

approach. The cost is aggregated, and continuity constraints are enforced, leading to a

disparity measure at the minimum aggregated cost. The disparity is then re�ned with a con-

sistency check to detect occlusions and false matches. The method can achieve comparable

accuracy to other global methods at the time and is robust to illumination changes; however,

it is sensitive to parameter tuning. The modi�ed version of SGM has been integrated into

the OpenCV library [37] as Semi-Global Block Matching (SGBM). The method di�ers from

the original SGM method by only considering 5 directions instead of 8 when searching for

a match. The modi�ed method also matches blocks instead of individual pixels, and the

mutual information cost function has been substituted with a less expensive sub-pixel met-

ric [38]. If applied to non-parallel epipolar lines, SGBM's patch matching technique would

hold an incorrect assumption that patches of corresponding pixels would contain the same or

very similar information and structure. In a convergent camera con�guration, the epipolar

lines are not parallel, and there are perspective di�erences, which may make corresponding

pixel patches to be di�erent sizes and shapes.
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Another commonly used traditional method is ELAS [39]. With its fast processing, it is

often used in robotic applications [40]. The method builds a prior 2D mesh of disparities

by �rst identifying a set of sparse matched `support points' detected using horizontal and

vertical Sobel �lters. A 2D mesh is created over these points using Delaunay triangulation to

estimate the disparities of the prior. The prior helps to reduce the search space for matching

the remaining pixels. The image likelihood is modeled as a Laplace distribution based on

the L1 distance between feature vectors of the left and right images. Then, a maximum a

posteriori estimation is used to compute the disparity map, and this can be done in parallel,

reducing computation time. However, this method is sensitive to parameters and relies on

an accurate and distributed set of initial support points.

Deep learning approaches were �rst introduced in [41] and today deep learning methods

have o�ered signi�cant improvements over traditional approaches on benchmarks. Cate-

gories include non-end-to-end learning, using CNNs to improve speci�c components of the

pipeline, end-to-end, replacing the entire stereo pipeline, and unsupervised learning, alle-

viating reliance on ground truth disparity data for training [20]. Although deep methods

obtain a higher accuracy on benchmarks than traditional methods, they may not be as

reliable, as it is di�cult to understand the process these models use to assign disparity.

With traditional methods, the failure points and the process of assigning disparity values

are well understood and predictable. Deep learning methods often �ne-tune on a particular

dataset before submitting for benchmark evaluation, which may raise concerns over their

ability to generalize to other data. Additionally, they are often extremely computationally

and memory-intensive [18] and require a large amount of data to train. Often, these net-

works are also trained on synthetically generated data with known ground truth, such as in

Blender [42].

The results of deep learning methods on convergent setups have not been investigated.

Common training datasets are derived from �xed parallel stereo camera con�gurations. In

practice, if a stereo setup is not strictly parallel, the cameras are calibrated, and their images

are recti�ed so that the epipolar lines are parallel. Since training datasets are typically

constructed using parallel camera systems, data-driven supervised learning methods would

not be exposed to these types of recti�ed images. Additionally, the parallel con�guration
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shown in Figure 3.2 indicates that there is only negative horizontal disparity between the left

and right images. In a convergent stereo system, shown in Figure 3.4, there would be both

negative and positive horizontal disparity as well as vertical disparity. Since deep learning

methods are only exposed to parallel image pairs, they are not able to assign disparities in

the opposite direction nor account for vertical disparity.

Teed and Deng [43] formulated the deep network architecture RAFT: Recurrent All-pairs

Field Transforms for optical 
ow. It consists of 3 main components, which involve a feature

encoder that extracts per-pixel features from both input images and a context encoder that

extracts features only from the �rst image, a 4D multiscale correlation volume built with

the feature vectors, and an update operator that iteratively updates a 
ow �eld. This

method was then modi�ed for speci�c stereo vision applications in [44], and at the time,

it outperformed the next best method on the percentage of bad pixels over 1 pixel error

metric by 29%, which inspired many other deep learning methods after it to use similar

architectures [45, 46]. The main modi�cations in RAFT-Stereo are the correlation volume

being 3D, which is due to the epipolar horizontal constraint and the update operator. While

RAFT uses a recurrent GRU-based update operator, RAFT-Stereo introduces multi-level

convolutional GRUs that maintain hidden states at multiple resolutions simultaneously for

better information propagation across di�erent scales.

A recent advancement in 3D reconstruction has been the creation of NeRF: Neural Radi-

ance Fields [47]. This method synthesizes novel views of scenes by optimizing an underlying

continuous volumetric scene function using a sparse set of input views. The goal is to map

a static scene as a continuous 5D function with dimensions representing 3D location and 2D

viewing distance to a volume density and a view-dependent color at a spatial location. The

5D function is approximated by a fully-connected deep neural network without any convolu-

tional layers. This method has been used in [48] to generate new scenes to train other deep

stereo models, speci�cally PSMN-Net, RAFT-Stereo, and CFNet. Here, they collected their

own data and for each scene, trained an independent NeRF and de�ned multiple virtual

stereo cameras for each model to render multiple binocular stereo pairs per scene as well as

an additional third image to create a recti�ed stereo triplet. Using these NeRF-generated

images, they supervised training with triplet photometric loss using structural similarity in-
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dex measure (SSIM) and absolute pixel di�erence. They also used an additional loss between

the predictions and rendered disparities by NeRF. This allowed them to train models with

scenes without the need of any ground truth, treating aspects of the result of the NeRF as

the ground truth. At the time of publication, they obtained a 30-40% improvement over

existing self-supervised methods on the Middlebury stereo benchmark [16, 49, 50, 51, 52].

Iterative Geometry Encoding Volume (IGEV) [53] aimed to improve on the limitations

of both cost �ltering-based methods and iterative optimization-based methods like RAFT-

Stereo. IGEV-Stereo constructs a Combined Geometry Encoding Volume (CGEV) that

encodes geometry and context information as well as local matching details. It then uses

a ConvGRU-based update operator to iteratively re�ne the disparity map by indexing the

CGEV. Finally, a full-resolution disparity map is obtained by a weighted combination of

the predicted disparity at 1/4 resolution using higher resolution context features to generate

these weights. Multi-range Geometry Encodings (MGEV) were introduced in IGEV++ [46]

to improve this method. Separate Geometry Encoding Volumes for di�erent disparity ranges,

adaptive patch matching, and selective geometry feature fusion (SGFF) are aspects of MGEV

that improved the performance of IGEV++.

MoCha-Stereo [45] was built upon the foundations of IGEV and RAFT-Stereo. It was

designed to address the issue of geometric structure loss during feature channel generation in

learning-based stereo matching, which often results in edge detail errors. MoCha restores lost

detailed features in feature channels by using motif channels, repeatedly occurring geometric

contours, with normal channels. To determine more accurate edge match costs, the authors

introduce Motif Channel Correlation Volume (MCCV). The motif channels are extracted

with adaptable sliding windows to mine repetitive patterns in the frequency domain and

then are projected onto feature maps. The disparity estimation is then further re�ned by

optimizing for both high and low frequency errors.

Considerable e�orts and progress have been made to address the problem of stereo corre-

spondence matching. However, most of these methods assume a �xed parallel stereo camera

con�guration. They can take advantage of the lack of degrees of freedom and parallel con�g-

uration by simplifying the search space and imposing constraints that further re�ne disparity

accuracy. These methods are not suited for a convergent stereo head, as many assumptions
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made are incorrect in the non-parallel con�guration. And while Langley et al.[34] reported a

method for determining vertical and horizontal disparity, they did not evaluate on a conver-

gent stereo system, as well as ignored vertical disparity in parts of the image with singular

edges. Overall, very little to no e�ort has been put into the development and evaluation of

an active convergent stereo system.

3.3 Stereo Vision Datasets and Benchmarks

There are many available datasets and benchmarks to evaluate stereo matching. The

goal of stereo matching is to match every pixel in the left image, excluding occlusions due to

camera motion parallax and the �eld of view, to the correct unique pixel in the right image.

In doing so, one can obtain the depth estimates of these pixels given camera intrinsic and

extrinsic parameters, such as focal length, principal point, and camera orientations relative

to each other. There has been considerable e�ort to solve this matching problem and to

evaluate the performance of a stereo vision algorithm; standardized benchmarking datasets

with well-de�ned error metrics are necessary. Reliability of these benchmarks depends on

the accuracy of their ground-truth disparity. All of the most prominent stereo benchmarks

focus on �xed parallel stereo camera con�gurations and ensure that their epipolar lines are

parallel.

Standard benchmarking datasets for parallel stereo vision algorithm evaluation include

Middlebury [16, 49, 50, 51, 52], ETH3d [54], SUN-RGBD [55, 56, 57], KITTY [58, 59],

and Scene Flow [42]. Many of these stereo benchmarks are predominantly composed of

scenes with rich texture and diverse object arrangements, which stereo algorithms often

handle well due to the abundance of reliable image information. However, stereo methods

commonly struggle with scenarios such as occlusions, repeated patterns, and textureless

smooth surfaces. Despite the knowledge of these failure cases, current benchmarks do not

include scenes that explicitly evaluate the performance of stereo algorithms under these

challenging conditions. Common error metrics include the percentage of bad pixels, average

error, RMS error, and percent error quantile. The range of depth of the objects in the scenes

of the Middlebury dataset is around 0.6 m- 3 m for object scenes and tabletop scenes, such
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as `skates' and `backpack' but can be as far as 20m for larger room scenes such as `classroom'

and `podium' [52, 60].

Obtaining reliable ground-truth measurements for stereo datasets is an essential part of

any stereo benchmark. The goal is to create pairs of real-world images of complex scenes

where each pixel is labeled with its correspondence in the other image. This allows for testing

the accuracy of stereo algorithms against known ground-truth correspondences. ETH3d used

laserscans for precise depth measurements and proposed an alignment method to align each

scan with the image pixels [54]. The SUN-RGBD dataset obtains its ground truth through

depth maps obtained by their RGB-D cameras and improving each frame's depth map by

�lling in missing values with nearby time-frame maps [55, 56, 57]. Scene 
ow's ground-truth

is known since the dataset is simulated through Blender.

Middlebury does not struggle with �nding the correspondences between its ground truth

measurements and the pixels they are associated with, as its ground truth data comes directly

from the same cameras and camera positions of the dataset's parallel images. Their method

is closest to the method chosen for collecting the ground truth dataset in this thesis. In [49],

the authors use structured light projected onto a scene, a method which has been used in

the past for 3D reconstruction [61, 62]. Random light patterns have sometimes been used

to provide arti�cial texture to scenes for better stereo matching [63]. In structured light for

3D reconstruction, typically one projector is used and one or a pair of cameras are used to

capture images. For graycode patterns, a series of black and white pixel value patterns and

their inverses are projected onto the scene. The captured images under structured light are

processed to decode each pixel's unique label, which is then used to establish correspondences

between two stereo image pairs.

For the Middlebury sets in [49] and [52], the authors take many sets of the same scene

and camera positions with variations in exposure and projector locations. A variation of

exposure was also used in [49] to handle surfaces with varying albedos. To combine disparity

estimates, [49] takes an average at pixels with multiple disparity estimates if most disparity

values are within a close range. In [52], they use maximum min-stripe-width Gray codes [64,

65], and the results of the left and right cameras individually are combined with the results

of using information from both cameras and merged into a single disparity estimate. The
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resulting disparity map is then �ltered with a bilinear kernel in both x and y directions to

�ll in and smooth inconsistencies and holes. For each scene, 3 di�erent exposure values are

used to collect structured light data with 4-18 projector locations.

Figure 3.5: A representation of the �xations and head positions in the GENUA PESTO synthetic
stereoscopic images dataset [2] with 3D �xations as red dots scattered across the scene. a) Side and
top views of the position of 10 vantage points used for the head positions within the 3D scene. The
solid thick lines in the images represent the nose direction of each head position. The top image
indicates the di�erent elevation and angling of the head b) �xations acquired by the cyclopean
camera from 10 vantage points (top), and the �xation points of the camera system (bottom).

GENUA PESTO [2] is the only stereo benchmark that is not catered for parallel stereo.

GENUA PESTO is a dataset of stereoscopic images with 6 degrees of freedom for their

camera pair. Their dataset is meant to mimic human eye �xations within peripersonal space.

The authors develop this set in simulation with 3D virtual models of everyday scenes obtained

from a 3D laser scan of a real-world scene and a stereo vision simulator that accounts for

vergent eye geometry and cyclotorsion. For each scene, they choose �xations in a 9� 15 grid

for each head position, Figure 3.5. Each image is 640� 480 pixels. Although this dataset

is a valuable addition to the research into human vision, its images are taken in simulation

and may not fully capture the complexities and nuances of real-world stereoscopic images.

Additionally, each scene is constructed of laser-scanned scenes as well as inserted singular
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laser-scanned objects. With this method, objects that were scanned with a di�erent lighting

source or lighting positioning than the rest of the scene would not appear coherent in the

scene and would appear di�erently if viewed in the real world. Furthermore, their dataset

only consists of 2 scenes. This dataset unfortunately does not fully cover the intricacies and

varieties of real world textures and scene structures.

3.4 Convergent and Parallel Stereo Comparisons

There has been very little work done to compare the di�erences between a parallel and

convergent camera setup. Geometrically, in parallel stereo, the cameras' optical axes are

parallel to each other, and this simpli�es the disparity estimation and correspondence prob-

lem such that the corresponding points in the left and right images lie on horizontal epipolar

lines. It allows for computationally e�cient one-dimensional search algorithms. In conver-

gent stereo, the cameras' optical axes converge towards a point, and the correspondence

problem is now a 2D search along diagonal epipolar lines. Unfortunately, the analysis on

geometrical di�erences in these camera setups have been limited to pixel quantization error

analysis in previous works.

Chang et al. [66] examine the impact of image quantization error on depth estimation

in stereo vision systems in both convergent and parallel con�gurations. They focus on the

impact of convergence angle, assuming symmetric �xation, meaning both cameras point

inward at the same angle, and its in
uence on depth estimation accuracy. Establishing a

mathematical relationship between depth error, generalized depth resolvability (a function

of baseline, focal length, and image resolution), and convergence angle, it was revealed that

increasing the convergence angle can reduce expected error. This work was conducted in

simulation and in theory and was not veri�ed through a mechanical system with real cameras.

Asymmetric convergence, where cameras have di�erent vergence angles, a property of human

vision that will be explored in this thesis, was not addressed in this work.

Sahabi and Basu [3] investigate how vergence a�ects depth estimation error in stereo

vision systems in both symmetric and asymmetric �xation scenarios. The authors focus

on the discretization error caused by discrete pixels which can be visualized in Figure 3.6.
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Figure 3.6: Variation of depth uncertainty for stereo cameras with uniform pixel discretization
in parallel (top image) and nonsymmetrical vergence angles (bottom image) taken from [3]. The
images visualize the di�erences in the 2D space represented by the cross-section of the corresponding
pixels in the left and right images. For a matched corresponding pixel, the volume of space the
pixel represents depends on the location the 3D point is in relation to the image planes of both
images.

The error increases with distance and is in
uenced by pixel separation and focal length. The

closer the object, the lower the error. This �nding is also backed by Blostein and Huang [67],

who analyze the error of a parallel stereo setup assuming an ideal pinhole camera model.

Sahabi and Basu found that the expected error of a detected 3D point is highest at the

center of images due to the pixel quantization e�ect in a uniform-resolution image. This

holds true for both parallel and convergent stereo setups. For a more human-like resolution,

they proposed an exponentially decreasing resolution from the center of the image out such

that the quantization error of the 3D point would be lowest when the cameras �xate on
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the 3D point at the center of each camera's image. This approach attempts to mimic the

sampling strategy of the human eye's fovea. Their proposal was veri�ed using two cameras

with changeable vergence angles. However, the focal length and lens distortion of the images

were not considered. The e�ect of lens distortion typically results in worse image quality

at the edges of the image. The quality at the center of the image is more preserved in the

context of lens distortion. However, this contrasts with the quantization error being largest

at the center of the image, and the two e�ects have not been studied in conjunction. It is

di�cult to conclude expected error in practice based on single-source error theories alone,

with real systems having many sources of error.

Overall, an exact error analysis and comparison can be di�cult when accounting for all

sources of error. Other sources of error aside from quantization in a stereo system can come

from foreshortening errors, misalignment of camera errors, camera calibration errors, lens

quality and distortion errors, and matching errors [68]. While the works mentioned above

compare convergent and parallel stereo setups in terms of pixel quantization error, they do

not account for other types of error that may arise in practice. Notably, the camera lens

distortion e�ect for many cameras results in the edges of the image having a lower resolution

after distortion recti�cation. This e�ect, which preserves the center of the image as the area

with the least error, has not been studied in conjunction with the quantization e�ect, which

supports that the center of the image has the highest amount of error.

Comparing the resulting depth maps from �xed parallel stereo and a convergent stereo

camera system with the ability to �xate on various 3D points in the scene has not been

studied. To fully understand the di�erences in performance between an active convergent

camera stereo system (such as those on humanoid robot heads) and a �xed parallel stereo

system, one should compare the resulting disparity maps and their projections into 3D world

points from each con�guration, which encompass all sources of error.

3.5 Humanoid Robot Perception

Many designs of humanoid robots have been created in the past with varying purposes,

from search and rescue, general-purpose worker, to psychological studies of cognitive devel-
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opment, human perception, and human-robot-interaction [69, 70, 71]. However, very few

have implemented active binocular disparity calculations.

3.5.1 Binocular Fixed Stereo Robot Heads

Humanoid robots meant for general tasks and search-and-rescue predominantly have

�xed cameras for vision perception. Boston Dynamics Atlas (pre 2024), one of the more

famous humanoid robots, utilized a �xed parallel Multisense SL stereo camera [72]. The

DARPA Robotics Challenge aimed to conduct humanitarian, disaster relief, and other related

operations. Many robots that competed were humanoid. Other bipeds that have competed

in the DARPA Robotics Challenge, including THORMANG v3 [73], ESCHER [74], and

WALK-MAN [75], are equipped with either a �xed parallel stereo camera system or a single

camera along with other sensors for perception.

Other humanoid robots and robot heads using �xed stereo cameras include M-Hubo

(a wheeled variation of HUBO from KAIST)[76], ASIMO [77], ARMAR 1 and 2 [78],

Valkyrie [79], Robotnaut [80], TWENDY-ONE [81], NAO [82], Reem-B [83], and Phoenix [84],

to name a few. These robots were primarily tasked with conducting object manipulation

tasks and environment interaction tasks such as active 3D object localization, and were built

with this purpose in mind [85]. While these robots model many of the degrees of freedom

that human bodies have, they do not include the degrees of freedom of human eyes, which

contrasts with the speci�c goals of this research. For the purposes of studying the value of

perception with human-like degrees of freedom, having similar mechanical degrees of freedom

as human eyes is important.

3.5.2 Robot Heads with Three Mechanical Degrees of Freedom

Other designs of robot heads, as a standalone head or as a part of a humanoid robot,

have included cameras that can converge or pan individually but tilt together as one unit,

which results in a total of 3 mechanical degrees of freedom. Figure 3.7 demonstrates these

degrees of freedom. Some of these robots include: iCub [86], KOBAIN [87], Armar 3-6 [78]

which implements the Karlsruhe head [88], Cog Project [89], Kismet [90], BARTHOC [91],
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Figure 3.7: An illustration of the three degrees of freedom of the eyes that many robot heads
exhibit. Each eye can independently pan but tilts as a unit.

Flobi [92], Balthazar [93], Manzotti et al head [94], and Wang and Jonker head [95].

Some of these robots, including KOBAIN, Kismet, and Flobi, were designed to study

human-robot-interaction and hence implemented more degrees of freedom in the cameras to

have a persuasive human-like appearance. However, they did not incorporate depth map

estimations while utilizing all degrees of freedom.

The Armar 3-6 robots, which use the Karlsruhe head, do not utilize all degrees of freedom

to position their cameras and keep the motions of the two eyes parallel to avoid online

calibration of the stereo system [96].

Although Cog was designed to study robot cognition based on the hypothesis that human-

like intelligence requires learning through experiences and interacting with humans, Cog fo-

cused on mechanically mimicking human abilities such as saccade speed instead of developing

an accurate or dense method for depth estimation [89].

Notably, the Wang and Jonker head included a set of controllers that mimic neck and eye

movements but also included stereo matching and disparity map computations for moving

cameras [95]. The images were �rst recti�ed to have parallel epipolar lines before using

a parallel stereo algorithm, SGBM, to �nd corresponding pixel matches. Their method,

however, performs poorly at high convergence angles, and they did not compare depth maps

with ground truth measurements or to a parallel stereo setup.
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Pasquale et al. [97] enabled depth perception with the E�cient Large-scale Stereo (ELAS)

stereo matching algorithm [39] for iCub's perception. Here, they estimate the relationship

between the cameras of the robot and �nd the fundamental matrix, which relates the left

and right images to each other by de�ning the epipolar line in the other image given a

pixel location in the target image, through robot kinematics. Due to the robot cameras

being tendon-driven, the authors note that using purely kinematic calibrations produces

unreliable estimates of relative camera orientations, which results in low-quality depth maps.

Instead, they use images with detected corresponding features every few frames to correct

the estimate of the two cameras' relationship with the essential matrix. The images were

�rst recti�ed so that they were parallel, and then the ELAS algorithm was used to calculate

the disparity. The disparity map is then �ltered with a Gaussian �lter, the closest blob

is selected, and the centroid and the region of interest for this blob are computed. iCub

then directs its gaze toward the closest object using a feedback loop. They report on the

tracking abilities from the closest blob selection to compare with a monocular color-based

object tracker. The authors do not report on the accuracy of the resulting depth maps with

ground truth measurements.

Fanello et al. [40] utilized the previously described iCub depth perception method to more

accurately calibrate the hand position of the robot in hand-eye coordination tasks. The ef-

fectiveness of this method was evaluated through tool grabbing and placement tasks, and

demonstrated 3D scene reconstruction abilities using the estimated depth maps of the work-

ing environment. However, this scene was not evaluated against ground truth measurements,

nor were the con�guration di�erences between parallel and convergent stereo evaluated.

Manzotti et al. [94] present a method for global disparity estimation using log-polar

images for vergence control in a robotic head. They argue that log-polar images, inspired

by primate vision, can have advantages over traditional Cartesian images, namely higher

resolution in the fovea and a wide �eld of view. Their technique involves simulating horizontal

shifts between left and right images and calculating the disparity that maximizes normalized

correlation between images. Unfortunately, they do not report on the accuracy of their

method.

Leitner et al. [98] employ a convergent disparity estimation using the Balthazar head [93]
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based on a Bayesian framework. First, a �nite set of possible disparities is de�ned with

prior probabilities. Then, the likelihood of each pixel in the stereo pair is computed using

a generative probabilistic model. Bayes rule is used to compute the posterior probability of

each disparity value at each pixel, given the image, and the likelihood of similar disparities

at close spatial locations is reinforced to deal with uniform image regions. The disparity

of the highest posterior probability is assigned. Although this method produces a disparity

map, the computational cost is very high for larger images, so the authors limit the image

size to 360� 480. This is due to the ine�cient search space method used. To account

for both horizontal and vertical disparities, the authors simply de�ne a rectangular region

around the pixel of the dimensions (maximum horizontal pixel range x maximum vertical

pixel range). The authors chose 30 pixels in both directions for the horizontal range and

6 pixels in both directions for the vertical range, resulting in a 61� 13 rectangular search

space. The authors did not evaluate their results with any ground truth nor quantitatively

assess the method other than with run times. Additionally, constraining the search space

for vertical disparity to be small can be incorrect, as higher convergence angles and pixels

farther from the center of the image will result in a higher vertical disparity value.

3.5.3 Robot Heads with Four Mechanical Degrees of Freedom

Figure 3.8: An illustration of the four degrees of freedom of the eyes that many robot heads
exhibit. Each eye can independently pan and tilt.
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Robot heads with 4 total mechanical degrees of freedom are often built to study human-

robot-interaction, robot cognition, and modeling human perception in a robot. These robots

have cameras that can independently pan and tilt without the ability of cyclotorsion, shown

in Figure 3.8. These robots include, but are not limited to: HRP-4C [99], DB [100],

CB [101], WABAIN-RII [102], KTH [103], HUBO KHR-3 [104], WE-3 [105], Hadaly2 [106],

Romeo [107], Qingbin Wang head [108], Lily [109], FOVEA [110], Xiaolin Zhang head [111],

NJU [112], OREO [113], and ESCHeR ETL [114]. While these robots can move their cam-

eras independently for a total of 4 degrees of freedom, many do not utilize these capabilities

in practice. The WE-3 robot and the Qingbin Wang head estimate one point of depth at

�xation, and Romeo uses pre-calibrated markers to determine the depth and position of its

hand while performing tasks. OREO focused on matching the speed of each type of eye

movement to human speeds. Xiaolin Zhang's head focused on eye movements and particu-

larly tracking, but only the horizontal degree of freedom in both cameras was used. Most

do not speci�cally mention the strategies used to compute depth estimations, if any, as the

research focuses on human-robot-interaction, providing services, or bipedal motion control.

Rougeaux and Kuniyoshi implemented binocular tracking on the ESCHeR robot [115].

The system uses optical 
ow and disparity as independent visual cues to track moving targets

in complex environments without prior knowledge of object shape or texture. For disparity

estimation, the system used a phase-based technique with Fourier analysis for vergence

control and target position estimation. The points that lie on the horopter were identi�ed by

�nding near-zero disparity points in the 400� 400 pixel image. Using the phase di�erence,

the target position and its disparity can be determined. This work primarily focuses on

ensuring that both cameras are �xated on the same object during binocular tracking.

Klarquist and Bovik propose FOVEA (Foveated Vergent Active Stereo System) [110],

which computes local depth maps at multiple resolutions over a series of �xation points and

combines local depth maps into a multi-resolution map of the entire scene. Areas with rich

image information are prioritized for �xation. This method simpli�es the correspondence

problem by using a foveated approach with a non-uniform resolution image where the center

\foveal" region has a higher resolution than the periphery. This approach con�nes the impact

of vertical disparity to sub-pixel levels as the area of high resolution is in the center of the
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image, where vertical disparity due to convergence is not as apparent. Because of this,

they ignore vertical disparities. They add an additional degree of freedom to the system by

allowing the baseline length to be changed based on the characteristics of the scene being

viewed. The maximum resolution used was 480� 512 pixels, and the method was tested on

surfaces instead of natural scenes with varying objects. They did not report on the accuracy

of their method, nor test on ordinary objects and scenes.

Maki et al. implemented a phase-based disparity estimation for tracking on the KTH

head [116]. Similar to ESCHeR's binocular tracking, the paper focuses on a phase-based

algorithm but instead uses phase to compute disparity, a stereo method �rst introduced by

Jenkin and Jepson in 1988 [117]. To address the constrained range of the �lter's wavelength,

a hierarchical method with pixel-shift using a coarse-to-�ne strategy on a Gaussian pyramid

of the images was used to estimate disparities incrementally at di�erent scales. The disparity

was then used to maintain focus on an object as its distance changes, thereby tracking the

desired object. This approach only considers disparities in the horizontal direction. There

was no mention of vertical disparity due to convergent images, despite the images not being

recti�ed to be parallel to satisfy the horizontal disparity simpli�cation. The authors report a

0.5-pixel precision on 256� 256 pixel images but do not report on the accuracy of the depth

maps. They do not report on the e�ects of vertical disparities due to large convergence angles

but mention that hierarchical methods for vertical disparity detection may be a direction for

future e�orts.

Although more works with 4 degrees of freedom cameras have implemented depth com-

putation, none of these methods compare the resulting depth estimate accuracy and other

performance metrics against �xed parallel stereo cameras. Additionally, they do not report

on the accuracy of their methods against ground truth measurements when viewing natural

scenes. These methods also do not analyze any advantages or disadvantages that having

more degrees of freedom than traditional stereo cameras provide.

3.5.4 Robot Heads with Six Mechanical Degrees of Freedom

There are a few robot heads that have been built with 6 degrees of freedom, including:

ETL-Humanoid [118], TRISH [119], MAC-EYE [120, 121], and Robot Bionic Eye [122]. The
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Figure 3.9: An illustration of the six degrees of freedom of the eyes that a few robot heads exhibit

6 degrees of freedom are shown in Figure 3.9 and they include the ability for each camera to

pan, tilt, and roll independently.

MAC-EYE primarily focused on implementing the motion abilities of human eyes with

a tendon-driven design. Robot Bionic Eye focused on image stabilization. None of these

works, however, implemented a stereo disparity algorithm for depth perception. There was

no mention from ETL-Humanoid of its perception system.

Chen et al. developed a method for hybrid image stabilization with the Robot Bionic

Eye [122]. The robot has a total of 9 degrees of freedom, with 6 for the cameras and 3 for

the neck. In [123], they proposed an active exploration algorithm to take advantage of the

cameras' mobility and select viewpoints that were better suited for their localization and

mapping algorithms. Binocular disparity calculations while using various degrees of freedom

were not mentioned.

Jenkin and Tsotsos [124] present techniques for manipulating the horopter by rotating

cameras about their optical axes such that the camera orientations were suited for di�erent

tasks. They argue that cyclotorsion (controlled camera roll) can be taken advantage of in

three ways: mapping structure in the world to the detection regions of the disparity detector

operators, making a slanted surface appear fronto-parallel in disparity space which suits

binocular processing in stereopsis algorithms, and using explicit target knowledge to replace

the bottom-up search process in vision with a top-down search. A small range of disparities
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near the horopter was computed using the TRISH head to prove these concepts.

3.6 Summary

The �eld of stereo vision has predominantly focused on developing algorithms designed for

�xed parallel camera setups. While many traditional local and global methods as well as more

recent deep learning approaches, have achieved great progress on benchmarks, these methods

often take advantage of the simpli�ed geometry and constraints inherent to parallel camera

con�gurations. Consequently, these methods are not suited for convergent stereo systems

which have non-parallel epipolar lines, perspective di�erences, and both positive and negative

disparities. In convergent images, the disparity patterns are considerably di�erent from

those in parallel images, and the search for stereo correspondence becomes a 2D problem.

The previously exploited assumptions of parallel stereo algorithms are incorrect in these

con�gurations.

Benchmarking and standardized datasets are important for any developing �eld of study.

Although GENUA PESTO o�ers unique con�gurations with 6 degrees of freedom in their

camera pair, they lack a large variety of scenes with only 2 scenes available and they may

lack real-world complexities and image features with simulated images. Most stereo matching

benchmarks, such as Middlebury [16, 49, 50, 51, 52], ETH3d [54], SUN-RGBD [55, 56, 57],

KITTY [58, 59], and Scene Flow [42], focus on �xed parallel camera setups. In general, there

is a lack of data available in convergent real-world scenes.

Existing work comparing parallel stereo with convergent stereo vision has primarily ex-

amined theoretical aspects like image quantization error and the impact of convergence angle

on depth estimation accuracy, often in simulation. There is a largely unexplored area of com-

prehensive comparisons of real-world parallel stereo vision with an active convergent stereo

system that accounts for all error sources like lens distortion, camera misalignment, and

resulting depth estimate analysis.

Previous works on humanoid robots and their vision systems reveal gaps in evaluating

performance di�erences between convergent and parallel stereo systems. Robots with �xed

cameras or fewer degrees of freedom, such as Atlas and other DARPA robots, focus more
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on robustness and task performance rather than discovering di�erences between human and

computer vision. Robots with 3 or 4 degrees of freedom may have implemented depth map

calculations or depth point calculations at the point of �xation, but do not evaluate their

depth accuracy and scene reconstruction. Although robots such as iCub and the Wang

and Jonker head compute a disparity map using convergent images, they rectify images to

be parallel while using an o�-the-shelf parallel stereo algorithm, ignoring the possible image

warping consequences that come with this. While the KTH head implemented a phase-based

disparity estimation in their 4 degrees of freedom eyes, they do not report on the accuracy of

their methods against ground truth measurements when viewing natural scenes. They also

do not analyze any advantages or disadvantages that having more degrees of freedom than

traditional stereo cameras provide. Additionally, these previous methods perform stereo

matching with low-resolution images and do not evaluate performance in terms of accuracy

against ground truth. Finally, previous works have not evaluated their robot against a �xed

parallel stereo setup using various vergence con�gurations. This results in a general absence

of detailed comparative analysis on depth estimation performance across di�erent camera

con�gurations compared to the common �xed parallel stereo con�guration.

Overall, despite the importance of benchmarking in computer vision, current standard-

ized stereo benchmarks largely only consider �xed parallel cameras with only one dataset

of convergent images in simulation. While some theoretical work has compared the possible

advantages and disadvantages between convergent and parallel stereo, a real-world analysis

of the two systems that accounts for all error sources is lacking. A few systems enable depth

perception with convergent eyes in humanoid robots and robot heads, but often the stereo

disparity problem is simpli�ed by rectifying images to have parallel epipolar lines, which

ignores possible negative side e�ects of recti�cation. There is very little e�ort in under-

standing performance di�erences between active convergent stereo systems and traditional

�xed parallel stereo systems.
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Chapter 4

Methodology

The following sections detail the methods and apparatus used to collect data for ex-

periments as well as the algorithm developed to address convergent stereo depth estimation.

These sections provide an overview of the physical robot and its abilities, data collection and

ground truth measurements, determining parallel con�gurations, and the stereo matching

algorithm developed. It was important to use a real robot and natural images such that the

developed method can be used in real robotic applications. The scenes include a variety of

objects and scene geometry meant to evaluate the compared stereo methods on a multitude

of situations, including commonly known di�cult scenarios for stereo methods, as well as

typical scene constructions that would be found in popular benchmarks.

4.1 Robot Head

The research conducted throughout this thesis uses a robotic system, CODY, with two

cameras with 6 degrees of freedom, pan, tilt, and roll in both eyes. However, only 4 degrees

of freedom was explored, pan and tilt in both eyes. The cameras used are the U3-3881LE

AF Rev.1.2 autofocus camera with the Corning® Varioptic® C-S-25H0-026-06 liquid lens.

The motors used to control the roll, pitch, and yaw motions of each camera are the MG90S

metal gear servos with ball bearings for smooth rotations. The support and frames for the

cameras are from 3D-printed material. The cameras have a baseline of 11.5cm. This robot

head is a combination of e�orts from several people who have contributed to the design
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and software, including Bikram Bir Dey, Professor John Tsotsos, Professor Michael Jenkin,

Mostafa Kamali, Mingshi Chi, Yuqing Yuan, Zhongzhe Chi, Yiqian Liu, and Markus Solbach.

An image of this robot head is shown in Figure 4.1. This work utilizes the top half of the

robot, which involves the cameras and motors that move the cameras, excluding the neck.

This robot head, along with the work presented in this thesis, is intended to be used on a

mobile robotic platform to investigate active observer tasks.

Figure 4.1: Robot head with 3 degrees of freedom in the neck and 3 degrees of freedom for each
camera, totaling 9 degrees of freedom.

4.1.1 Camera-Motor Calibration

To ensure that there is a good estimation of camera orientation with respect to motor

values, a calibration method for each set of camera motors developed by Kamali et al. [125]

was used. This method does not rely on the reported motor angles, as some rotational axes of

the robot are not directly aligned with their respective motors' rotational axes. In this case,

and in the case of inaccurate motors, a calibration method is needed to ensure trustworthy

camera-pose estimations.

The calibration method establishes a correspondence mapping between the motor values
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and the camera position. A ChArUco board [126], a derivative of ArUco tags [37], is placed

stationary in front of the camera. Then, each of the motors is moved from its minimum

to maximum value in steps of 5 or 10 degrees. For each of the steps, the motor values

and the image taken from the camera are recorded. Assuming a pinhole camera model, a

planar homography matrix relates two images when the captured scene is a planar surface

in 3D space and the camera undergoes a rigid body rotation between the images [127]. The

homography matrix between two images is estimated using corresponding points detected

from the ChArUco board, and in this case, it is the homography for a 3D rotation. It is

assumed that there is a pure rotation about the camera center although in practice there

may be small translations in the system as well.

A pinhole camera is modeled by �x = P �X where �X is the homogeneous coordinate of

a 3D point X = [ X; Y; Z ]T , �x = [ u; v;1]T is the homogeneous coordinate of the image

point x = [ u; v]T , P = K [Rjt] is the camera projection matrix that maps a 3D point to its

corresponding image point which involves the camera rotationR and translation t and the

camera intrinsic matrix K :

K =
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where f is the focal length, andpx and py are coordinates of the principal point of the

camera. The relationship between the 3D pointX and its pixel projection x1 of the �rst

image can be expressed as the following:

�x1 = K [Rjt]
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5

whereK is the intrinsic camera matrix, R is the rotation between the frame of referenceX

is viewed in and the frame of reference of the image plane, andt is the translation between

the frame of referenceX is viewed in and the frame of reference of the image plane. The

reference frame is assumed to be the �rst camera frame, and the second camera has a rotation

with respect to it with no translation. [Rjt] is the 3� 4 extrinsic matrix. Since the frame
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of reference in this case is the �rst image's camera frame of reference, there is no relative

rotation nor translation. Thus, the relationship becomes:

�x1 = K [I j0]

2

4
X

1

3

5 = K (X + 0) = KX ) �x1 = KX ) X = K � 1 �x1

I indicates no rotation, and 0 is indicating 0 translation. However, the second image is taken

after a rotation is applied to the camera. To describe the same 3D point viewed in the second

image, there needs to be a rotation applied to the points to align the frame of reference to the

�rst camera orientation. If the camera is rotated by a rotationR, the following relationship

can be observed:

�x2 = K [Rj0]

2

4
X

1

3

5 = K (RX + 0) = KRX = KRK � 1 �x1

�x2 = KRK � 1 �x1 = H �x1

�x1 and �x2 are the homogeneous coordinates of the projection ofX in the �rst and second

image respectively.K is the camera calibration matrix. Here,KRK � 1 is an invertible 3x3

homography matrix.

This mathematical model of the relationship between two images before and after camera

rotation is used for the calibration of motor shaft angle changes to the rotational change in

the camera. An image of a stationary ChArUco board is taken at �ve-degree intervals

for each possible motor value. The rotation between two adjacent intervals is calculated

using the ChArUco board points and the above mathematical relationship for homography.

The motor values and rotations between them are interpolated at each �ve-degree interval.

Bilinear interpolation is used between the closest 4 camera locations. The motor values

that have images that do not show enough of the calibration board are excluded from the

calibration results. An example of the result of one calibration pass is shown in Figure 4.2.

The dots represent the center pixel of the image at each possible motor value.

The result of this calibration is the ability to estimate the rotation between any two sets

of motor values and to determine which motor values are needed to obtain a desired rotation,
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given the starting motor values from a lookup table.

Figure 4.2: Calibration method image centers visualized. The red dot in the center of the image is
coincident with the current pair of motor values. The other dots are possible center pixel �xations
of the camera and possible motor values. The blue dots are interpolated motor values. The green
dots are the 5-degree intervals during calibration.

4.1.2 Camera-Motor Calibration Data

In theory, a single set of calibration images taken in the central �eld of view of the stereo

head would be su�cient. In practice, the wide range of available motions of the cameras

in the stereo head complicates this. To see this, consider Figure 4.2 where only placing the

calibration board in the center of the �eld of view does not include motor values for the

edges of the image. To address this, many di�erent calibration sets were taken to span the

entire camera's �eld of view in its parallel position. In total, 12 calibration sets were taken,

with 3 repeated middle sets to increase robustness in camera orientation estimation.

With this method, there will be areas of overlap, and a pair of start and end motor

values may give multiple rotation estimates depending on the overlapping sets. To account
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