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Abstract

A vision-based state estimation framework is proposed to localize a remotely oper-

ated vehicle (ROV) that is used to inspect a nuclear reactor pressure vessel. Using an

extended Kalman filter, the framework leverages an external, pan-tilt-zoom (PTZ)

camera as the primary sensing modality. In addition to the ROV and camera states,

the framework also estimates a map of the reactor lower core from a prior. Both

simulation and camera experiments are conducted to establish the correctness of the

framework. Camera experiments (consisting of subscale and platform tests) validate

the framework in terms of accuracy and robustness to environmental image degra-

dation caused by speckling and color attenuation. Subscale mockup experiments

highlight estimation consistency as compared to ground truth despite visually de-

graded operated conditions. Full-scale platform experiments are conducted using the

actual inspection system in a dry setting. In this case, the ROV achieves a lower state

uncertainty as compared to subscale mockup evaluation. For both subscale and full-

scale experiments, the state uncertainty is robust to environmental image degradation

effects. To further increase the efficiency and utility of the framework, we formulate

and evaluate an online initialization methodology that bootstraps the framework in

situ by calibrating the camera from the reactor structure. A Monte Carlo simula-

tion shows that the initialization methodology is not sensitive to camera mounting

position and orientation if the camera is placed near the center of the vessel. This

framework sets the foundation for improving not only ROV-based inspection through

automation, but also visual inspection with the PTZ camera through mosaics and

dense reconstructions of the reactor lower core.
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`ij. Similarly, three-dimensional points Pi project to two-dimensional

points pi in the image space. . . . . . . . . . . . . . . . . . . . . . . . 14

vi



2.2 The PTZ camera used for the inspection system. The camera is con-

tained within a waterproof enclosure that has a spherical housing. (a)

Camera close-up. (b) Camera is attached to a pole and submerged.

The tether shown here is a preventative measure for testing and is not

part of the deployable system. . . . . . . . . . . . . . . . . . . . . . . 15

2.3 A diagram of the primary components of the lower core of a reactor

pressure vessel [3]. For our work, all fuel assemblies are removed. Note

that the baffle plates can be represented as vertical planes. Addition-

ally, the core plate on the bottom of the core can be represented by

a horizontal plane. The core plate contains flow holes, and bolts and

other structural elements are mounted to the baffle plates. . . . . . . 23

2.4 Representative examples of the reactor cores and visual texture that

the framework must leverage to achieve ROV localization. Despite the

differences in texture, these examples share a common structure and

thus can all be described by a generalized representation. . . . . . . . 25

2.5 Speckling (radiation-induced chromatic image noise) observed during a

reactor pressure vessel inspection. Speckle clusters are circled in yellow

for ease in viewing. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.1 The system diagram of the state estimation and localization framework. 30

3.2 Diagram describing the representation of vessel geometry used for the

map in terms of planes and points that exist on those planes. All planar

coordinate frames adhere to the right-hand rule. The two-dimensional

landmark representation in a given plane relative to the local plane

coordinate frame origin −n̄d is distance δ1 along planar basis v̄1 and

distance δ2 along planar basis v̄2. . . . . . . . . . . . . . . . . . . . . 34

vii



3.3 Quantifying error between a predicted line ˆ̀ and an observed line seg-

ment `. Points p̂A and p̂B are the closest points on line ˆ̀ to points pA

and pB, respectively, that define line segment `. . . . . . . . . . . . . 45

3.4 Frames from a simulated camera zoom sequence that are used to cali-

brate the principal point (the zoom-out portion of the sequence is not

shown. Left: 1.0x zoom. Middle: 1.5x zoom. Right: 3.0x zoom. . . . 50

3.5 The perimeter of the lower core that is viewed by the PTZ camera for

online extrinsic calibration. The corners of the vessel are identified and

recorded during this sweep. The sequence begins at the blue circle and

terminates at the green circle. . . . . . . . . . . . . . . . . . . . . . . 53

3.6 Frames from a simulated camera zoom sequence are used to estimate

the extrinsic parameters of the PTZ camera. The upper left and lower

right images correspond to the camera viewing the blue and green

circles of Fig. 3.5, respectively. . . . . . . . . . . . . . . . . . . . . . . 54

3.7 Adjacent corner points form a series of triangles with the optical center

of the camera. The equations specified by these triangles enable the

camera position to be estimated. Triangles are formed by corner points

(a) along the top of the lower core; (b) along the intersection between

the baffle plates and the core plate; and (c) vertically. . . . . . . . . . 55

4.1 Synthetic camera images from a representative dataset. To keep the

ROV in view, the PTZ camera pans, tilts, and increases the focal length

to approximately 2x zoom. The top-left frame and bottom-right frame

correspond to the first and last frames of the sequence, respectively. . 61

viii



4.2 Time series simulation results for selected state parameters: (a) ROV

position, (b) ROV Euler angle, (c) camera position, (d) camera Euler

angle, and (e) camera focal length. The ±3σ uncertainty is shown for

each signal. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.3 Subscale mockup system: (top) experimental setup shown with the subscale

mockup of a reactor pressure vessel; (middle) camera image of the subscale

system; (bottom left) external camera; (bottom right) subscale mockup of

the inspection robot. Note the complete lack of visual texture on the structure. 75

4.4 Path of the robot relative to the subscale mockup structure. Shown

are the estimated paths for the clean (red) and degraded (blue) cases.

The ground truth path (black) is from motion capture. . . . . . . . . 76

4.5 External camera images from platform testing (top) clean and (bot-

tom) degraded with artificial environmental image effects (speckling

and color attenuation). . . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.6 Estimated path of the inspection robot relative to a quarter mockup

of a reactor vessel for the clean (red) and degraded (blue) cases. . . . 78

4.7 The 200 camera instances of the Monte Carlo simulation fall within

the blue cylinder, which represents possible mounting positions for the

camera during an inspection deployment. The position of each instance

is visualized as a black circle, with the scene orientation shown as a

frame triad. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.8 Time series results for ROV online initialization. Each mark represents

a viable ROV pose that was determined at that timestep. . . . . . . . 80

ix



5.1 An example of how trajectory generation and closed-loop control can

enable ROV navigation. Trajectories are generated to guide the ROV

to a goal state. A PD controller determines the thruster inputs to con-

trol the ROV such that the error between the actual and commanded

position and heading is minimized. . . . . . . . . . . . . . . . . . . . 87

5.2 Still images from a dataset where the inspection system camera con-

ducted a visual sweep of a submerged reactor mockup. Rows corre-

spond to decreasing tilt angle in descending order, from −20◦ to −90◦

in increments of −10◦. Columns correspond to increasing pan angle

from left to right in increments of 21.25◦: (a) −170◦ to 0◦; (b) 21.25◦

to 170◦. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.3 A mosaic of several baffle plates of a mockup reactor. . . . . . . . . . 91

5.4 A mosaic of the core plate of a mockup reactor. The obstruction that

is shown is not typical in operational reactors. . . . . . . . . . . . . . 92

5.5 A mosaic of the entire mockup reactor. The warping that exists in this

mosaic occurs is relatively larger than the other mosaics because the

field of view is significantly larger. . . . . . . . . . . . . . . . . . . . . 93

5.6 A dense reconstruction of a reactor mockup, as generated by mapping

the underlying mosaics to three dimensional surfaces. . . . . . . . . . 95

x



Chapter 1

Introduction

Nuclear reactors require periodic maintenance and inspection to ensure continued

and safe operations, and automation of inspection tasks through robotics can mini-

mize the duration of reactor inspection outages in a safe and cost-effective manner.

State-of-the-art reactor pressure vessel inspection leverages remotely operated vehi-

cles (ROVs), which are teleoperated, submersible robots. In order to inspect the

reactor core, ROVs are subjected to extreme radiation exposure that destroys sensi-

tive, commercial-grade electronics that would otherise enable localization. The lack

of viable radiation-hardened sensors motivates the development of novel localization

methodologies that overcome these limitations to enable efficient, autonomous in-

spection campaigns. This work explores the use of an external pan-tilt-zoom (PTZ)

camera to address the challenges of sensing and localization in this hazardous, irra-

diated environment. By decoupling the sensor from the platform, the PTZ camera

provides high optical resolution imagery that can be used for ROV localization while

limiting radiation exposure, thereby providing a viable path to the automation of

reactor core inspection.
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In this work, we propose a vision-based state estimation and localization frame-

work to enable submersible robots to conduct inspection of nuclear reactor pressure

vessels. The framework is formulated as an extended Kalman filter (EKF) that is

robust to sensor degradation and image corruption that may occur due to environ-

mental effects, such as radiation and color attenuation. The proposed framework

relies on a PTZ camera, fixed with respect to the vessel frame, that is autonomously

controlled. To model the reactor vessel, we propose the use of a planar map that con-

cisely represents the vessel geometry as a series of planes and landmarks. The map

is assumed to be known in advance with limited uncertainty arising from differences

between engineering blueprints and construction. The map is estimated in the state

to enable corrections based on projections of vessel landmarks (points and lines) in

the camera image space.

1.1 Background Information

The reactor pressure vessel of a nuclear power plant over time becomes embrittled

due to neutron irradiation that is a consequence of nuclear fission. Specifically, it is

the lower core of the reactor (Fig. 1.1–1.2) that is bombarded with radiation during

operation. Embrittlement of the lower core weakens the vessel, leading to cracks,

corrosion, and the formation of cavities [4]. These are detrimental to the structural

integrity of the vessel. It is therefore motivated to periodically inspect the vessel to

ensure its structural integrity for the power plant to continue to operate safely.

In order to inspect the lower core of the reactor, the reactor must be shut down

with the fuel rods removed. These inspections may occur during periodic refueling

outages, in which the fuel rod arrays are replaced, or in addition to normal refueling

2



Figure 1.1: Diagram of the class of nuclear reactors that are considered in this work
(pressurized water reactors) [1]. Note the shape of the lower core, composed of baffles,
that is exposed when the fuel rods are removed from the reactor.
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Figure 1.2: Diagram of the lower internals of a PWR nuclear reactor [2]. The lower
core barrel, baffles, and core plate are of particular interest for this work.
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outages if the damage is warranted. According the U.S. Energy Information Agency,

refueling outages typically occur every 18–24 months with an average duration of six

weeks [5].

1.1.1 Robotic Inspection of Nuclear Reactor Pressure

Vessels

Current visual inspection techniques for the lower core of a nuclear reactor include

spanning the reactor with a bridge and submerging telescopic cameras, endoscopes,

or fibre-scopes that are mounted on long poles into the reactor to detect structural

flaws [6, 7]. These existing techniques, while adequate for inspection, have room for

improvement in two primary areas: 1) efficiency and 2) reduced radiation dosage to

personnel. The inspection processes are slow, contributing to higher costs for nuclear

energy while exposing inspection personnel to radiation.

To improve the cost-effectiveness of nuclear energy, it is prudent to consider tech-

nologies that can address both of these deficiencies. Current research in technologies

for improved inspection of nuclear power plants include methods for perceiving struc-

tural components, either with cameras or ultrasonic sensors [8–10]. Additionally, the

use of robots for improving the inspection of nuclear reactors is an active area of

interest. Robotic inspection could limit radiation dosage to personnel, and inspec-

tions could be more efficient through automation. Both of these advantages would

yield decreased nuclear energy costs. Robotic technologies may also provide assurance

towards the efficacy of existing inspection methods when working side-by-side with

inspection personnel. As an example of such a robotic inspection system, consider

the submersible robot that is used to inspect a nuclear reactor pressure vessel, shown

in Fig. 1.3. Other representative robotic systems used in the nuclear energy domain
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include the Stinger robot1 and the SUSI (Submarine System for Inspection) robot2.

1.1.2 Impact of Radiation on Sensor Modalities

As the advantages of robotic inspection of nuclear reactor are clear, it is therefore

necessary in the design of a robot to utilize sensing modalities that enable accurate

and robust performance in the presence of radiation.

Specifically, the types of inspections which we seek to automate are those con-

ducted in close proximity to the reactor core barrel, which imposes harsh environ-

mental conditions in which the robot must operate. For these inspections, the reactor

is offline with the fuel removed, exposing the lower core of the reactor for inspection.

Although no fuel is present during the inspection, the core barrel emits an intense

radiation field due to neutron activation of the structural materials. This field, which

may reach up to 30 kRad/hr at the lower core baffle plates [11], excludes the use of

1GE Hitachi Nuclear Energy Company.
2AREVA GmbH.

Figure 1.3: This submersible robot is used to inspect reactor pressure vessels. Note
the planar structure of the vessel and the geometric features located on the walls
and floor. The robot is equipped with three red fiducial markers that are used for
pose estimation. A tether is used to transmit robot control signals from the control
station.
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localization sensors with sensitive electronics. Indeed, radiation-sensitive electronics

can degrade and fail with exposure of a few krad [12], well below the expected radi-

ation exposure in this setting. For this reason, the radiation exposure that must be

withstood by a robot in this setting restricts the use of all but the most hardened

electronic devices and sensors. This generally excludes the use of sensing modalities

that would typically be installed on a submersible robot [13], such as depth sensors,

Doppler velocity log (DVL), sonar, and inertial measurement units (IMU), as such

sensing modalities are not commonly available with sufficient radiation hardening.

In addition, the underwater setting precludes the practical use of projective light

sensing [14] and GPS.

However, the underwater setting is free of turbidity, so the use of vision-based

perception is viable. Specifically, a pan-tilt-zoom (PTZ) camera is especially useful

in this setting. A PTZ camera has servos allowing it to rotate in two degrees of

freedom (pan, tilt) and has variable zoom. The radiation field from the core falls

off by about an order of magnitude for every 16 inches of water, so a PTZ camera

would only need to achieve a nominal level of radiation hardening. Furthermore, the

geometry of the reactor core is amenable to using this sensing modality, as the camera

can always observe the robot without needing to reposition the camera. Lastly, the

variable zoom allows for a high optical resolution image no matter the position of the

ROV within the vessel. For these reasons, the PTZ camera is the primary sensing

modality used to localize the robot. We will now refer to the inspection system, which

includes both the robot and the PTZ camera.
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1.2 Previous Work

The use of vision for underwater robots has been studied both in laboratory experi-

ments and in deployed field robots. Although submersible robots can utilize a range

of sensing modalities [13], radiation exposure from the nuclear reactor restricts us to

considering systems where vision is the primary sensing modality. A visual SLAM

formulation with pose-graph optimization was utilized to construct a texture-mapped,

three-dimensional model of a ship hull for inspection purposes [15]. An EKF state

estimation formulation that includes vision and inertial measurements was found to

be successful in underwater navigation of a submersible robot [16]. Another study

demonstrated a localization solution for a AUV using acoustic sensors and visual

odometry [17]. Our use of structural landmarks is similar to previous work in local-

izing an underwater robot in a structured environment using only visual perception

(an onboard camera) [18], but our study differs in that robot localization is achieved

through a fixed, external camera.

Deployed field inspection robots that utilize vision have conducted subsurface

bridge inspection [19] and ship hull inspection [20], with sonar imaging as the primary

inspection modality in these cases. In the domain of nuclear reactor inspection,

the use of cameras and robotics for inspection has been studied [8, 9]. A previous

study estimated the x- and y-position and yaw angle of a submersible robot within a

reactor vessel by observing eight LEDs located on the vehicle with an external camera

(primarily using a depth sensor for the z-position) [21]; our work differs by estimating

both the robot and camera pose with six degrees of freedom.

Regarding PTZ cameras, we note that the movement of a small unmanned system

with a pan-tilt camera has been estimated using an EKF [22]. This study estimates

the projection of the system in the camera image space, not in three dimensions as
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our framework does. Jain and Neumann [23] employ an EKF to estimate the pose

and focal length of a PTZ camera.

1.3 Thesis Problem: ROV Localization

Given the motivation for ROV-based inspection of nuclear reactors, it is therefore

critical to formulate and test a localization framework that leverages the sensors that

could exist in this harsh environment. State-of-the-art robot localization typically

leverages sensors that are mounted on the robot, such as monocular or RGB-D cam-

era and IMU. However, the use of these common sensors are greatly restricted due to

radiation exposure. On the other hand, methods for pan-tilt-zoom cameras are typi-

cally used for inference within the image space, not in three dimensions as is required

for our work. As existing state-of-the-art methods are not satisfactory to address

our problem, we therefore propose a state estimation and localization framework that

enables ROV localization within the lower core of a nuclear reactor pressure vessel us-

ing a pan-tilt-zoom camera. We demonstrate our framework using the ROV example

shown in Fig. 1.3.

1.4 Thesis Contributions

We identify the following contributions of the work:

1. A state estimation framework that enables three-dimensional pose estimation

and localization of the submersible robot with respect to the reactor vessel. To

accomplish this, the framework localizes the three-dimensional pose of the pan-

tilt-zoom camera and estimates the focal length. The framework also estimates

the reactor map, accounting for limited uncertainty in the prior for the reactor
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geometry.

2. The planar map representation of the reactor vessel. This representation enables

the mapping of the entire class of lower reactor core geometries with a few

limited assumptions.

3. Demonstrations of accuracy and robustness of the framework to speckling, a

known failure mode that occurs due to the exposure of cameras to radiation.

Results will also demonstrate the capability for online initialization.

These contributions demonstrate that we have proposed a system that works not

only in principle, but also in the practice of actual inspection of nuclear reactors.

1.5 Thesis Outline

This thesis document is outlined as follows. In Chapter 2, we will present the various

models and methods that describe the inspection system. Topics include methods for

a pan-tilt-zoom (PTZ) camera, such as rotation, zoom, and projection (Sec. 2.2); the

ROV description and marker placement (Sec. 2.3); and a geometric representation of

the reactor pressure vessel and how its projections arise in the camera image space

(Sec. 2.4). These models and methods provide the foundation for the state estima-

tion of the inspection system using an extended Kalman filter, which is described in

Chapter 3. This chapter describes not only the framework itself, but a methodology

for online initialization (Sec. 3.6), leveraging camera calibration techniques that are

amenable to automation. In Chapter 4, we demonstrate the accuracy and robustness

of the EKF in simulation and camera experiments (including with the inspection sys-

tem). In closing, Chapter 5 summarizes the contributions of the work. In this chapter,

we also identify how this work sets the foundation for several high-impact research
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paths that can transform existing inspection processes, including: 1) automation by

enabling closed-loop control of the ROV (Sec. 5.3.1), and 2) dense reconstruction of

the reactor pressure vessel through mosaics that are assembled from PTZ camera

images (Sec. 5.3.2).
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Chapter 2

System Models and Methods

The mathematical formulations and representations of the components that compose

the inspection system are detailed in this chapter. A model for speckling, which is

radiation-induced chromatic image corruption, is also presented. These models are

utilized by the state estimation framework (Chapter 3) to localize the system with

respect to the reactor vessel.

2.1 System Coordinate Frames

The robotic inspection system consists of a submerged PTZ camera that monitors a

ROV operating in a reactor pressure vessel. The robot is equipped with three fiducial

markers. Figure 2.1 illustrates the system and depicts the three primary reference

frames:

1. the body frame {B}, located at the robot center of mass;

2. the external camera frame {E} at the optical center of the PTZ camera; and
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3. the inertial world frame {W }, which is the reference frame for the vessel map.

Note that the world frame {W } is defined with z-axis pointed downward, towards

the bottom of the reactor. This is consistent with typical reference frames for un-

derwater vehicles [24, 25], where positive z refers to increased depth. Although the

external camera frame {E} will change based on the PTZ camera pan and tilt angle,

the mounting of the camera itself is fixed with respect to the world frame {W }. This

fixed orientation is the scene frame {S}, an intermediate frame that is useful in the

kinematic chain between the camera frame and the world frame.

2.2 Pan-Tilt-Zoom Camera Models

This section outlines the mathematical model for the pan-tilt-zoom (PTZ) camera

that is used in the inspection system (Fig. 2.2). The PTZ camera is used to monitor

the robot and vessel during inspection. It is mounted external to the robot and

is fixed with respect to the world frame {W }. Specifically, the camera would be

mounted at the end of a pole and submerged into the reactor, with the other end of

the pole rigidly secured to a bridge than spans the reactor vessel. Submerging the

camera requires a waterproof housing, but this is the best option to utilize the images

for localization. The alternative — mounting the camera above the water surface

of the vessel — is not viable, as it introduces greater optical challenges (imaging an

underwater scene from above the water). In order to obtain high-quality footage of

the reactor for inspection purposes, we assume the use of a high-quality PTZ camera,

such as the Axis V5915 camera. An advantage of using such a camera is that the

camera has limited lens distortion.

The camera is controlled via visual servoing to keep the ROV in view. A pro-
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portional controller that operates in the image space is used which uses the centroid

and distribution of the markers to determine when to pan, tilt, or increase the zoom

setting of the camera.

The camera images are used for camera-to-robot localization (using robot marker

Figure 2.1: System representation and landmarks: (left) in three dimensions; (right)
in the two dimensional image space of the PTZ camera. The intersections of ves-
sel planes πi and πj yield Plücker lines that project as lines `ij. Similarly, three-
dimensional points Pi project to two-dimensional points pi in the image space.
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(a) (b)

Figure 2.2: The PTZ camera used for the inspection system. The camera is contained
within a waterproof enclosure that has a spherical housing. (a) Camera close-up. (b)
Camera is attached to a pole and submerged. The tether shown here is a preventative
measure for testing and is not part of the deployable system.

projections) and camera-to-vessel (world) localization (using vessel landmark projec-

tions). Additionally, we require the PTZ camera to also report its state, including

pan and tilt angle from some base orientation, referred to as the “scene orientation,”

and zoom setting. The scene orientation is determined by the camera mounting.

The pan and tilt angles are determined from encoders or resolvers that exist on the

camera motors that control the pan and tilt angles. The zoom setting provides an

indication of the current image magnification as compared to the base zoom level.

This corresponds to some zoom level expressed as a multiple of the base zoom (e.g.,

“2x” zoom). The underlying metric focal length is not observable because the image

sensor dimensions are not known, but the variation in zoom setting exposes how the

focal length intrinsics change (c.f. Sec. 3.4).

2.2.1 Camera Projection Model

We model the PTZ camera as a pinhole projection camera. In this classical projection

model, a three-dimensional point P ∈ R3 expressed in homogeneous coordinates is

mapped from P3 7→ P2 to produce a two-dimensional point projection p ∈ R2 in
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homogeneous coordinates [26]:

p̃ ∼ K[R | t ]P̃ (2.1)

K =


fx 0 cx

0 fy cy

0 0 1

 (2.2)

where P̃ ∼ [P T, 1 ]T is the three-dimensional point in homogeneous coordinates,

p̃ ∼ [pT, 1 ]T is the two-dimensional point in homogeneous coordinates, and the ∼

operator indicates that the transformation is equal up to scale. The rotation matrix

R ∈ SO(3) and vector t ∈ R3 transforms the frame in which P is defined to the

camera frame.

The intrinsics matrix K describes the camera projection model and defines the

field of view of the camera. The effect of increased zoom causes the focal length

components fx and fy to increases, resulting in a narrower field of view. In the same

manner as Wu and Radke, we assume that the principal point defined by cx and cy

is constant with respect to zoom [27]. The center of zoom is also assumed to be

congruent with the center of projection (the principal point).

In this work, we also consider the projection of three-dimensional lines in the

image space. Projecting a three-dimensional line in the scene yields (in general)

a two-dimensional line in the image. We use the Plücker representation of three-

dimensional lines L ∈ P5, which project to lines in the image space ` ∈ P2:

` ∼ KDL (2.3)

The matrix K ∈ R3×6 is the perspective projection matrix for Plücker lines, and
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D ∈ R6×6 is the rigid displacement matrix maps between the Plücker line frame and

the camera frame [28]:

K =
[

det (K)K−T 03×3
]

(2.4)

D =

 R [t]×R

03×3 R

 (2.5)

In this way, the mapping of points from P3 7→ P2 caused by K and [R | t ] is

analogous to the mapping of lines from P5 7→ P2 caused by K and D.

2.2.2 Camera Pose Representation

Unlike a monocular camera that would exist on a robot, a PTZ camera has only two

degrees of freedom: pan and tilt. The PTZ camera position with respect to the world

pwe ∈ R3 is fixed. We also assume that the center of projection is congruent with the

camera position.

To consider the action of pan and tilt on the orientation of the camera frame {E},

it is useful to introduce an additional coordinate frame — the scene frame {S} —

that is defined as the camera frame orientation with respect to the world frame {W }

when the pan angle θ ∈ R and tilt angle φ ∈ R are zero (so the scene orientation and

camera frame orientation are congruent at zero pan and tilt). The pan and tilt angles

are measured with respect to their respective axis: the pan axis Θ̄ ∈ R3 and tilt axis

Φ̄ ∈ R3, which are both unit vectors. The pan and tilt axes are defined with respect

to the frame in which they are constant. For our work, the pan axis Θ̄ = [ 0, 1, 0 ] T

is static with respect to the scene frame {S}. The tilt axis Φ̄ = [ 1, 0, 0 ] T is static

with respect to the camera frame {E}. Assuming a scene orientation that has zero

roll and pitch, a tilt angle of 0◦ corresponds to the camera z-axis aligned within the
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xy-plane of {W }. With a tilt angle of −90◦, the camera z-axis is parallel to the z-axis

of {W }, viewing the bottom of the reactor.

The rotation matrix Rw
e that describes the orientation of the camera frame {E}

with respect to the world frame {W } can be described through the kinematic chain

of successive rotations defined by the scene orientation Rs, pan rotation Rθ, and tilt

rotation Rφ as described by Collins and Tsin [29]:

Rw
e = R(Rs, θ, φ) = RφRθRs (2.6)

Collins and Tsin specify an optional Rm following Rφ to account for the physical

mounting of the camera on the pan-tilt head. For our system, the mounting of the

camera with respect to the world is already accounted for by the scene frame {S},

and so this additional rotation Rm is not necessary.

The rotation matrices Rθ and Rφ are constructed from the axis-angle representa-

tion and Rodrigues’ rotation formula:

Rθ = I3×3 + (sin θ)
[
RsΘ̄

]
× + (1− cos θ)

[
RsΘ̄

]2
× (2.7)

Rφ = I3×3 + (sinφ)
[
RθRsΦ̄

]
× + (1− cosφ)

[
RθRsΦ̄

]2
× (2.8)

From the above equations, it is apparent that the camera orientation is coupled

between pan and tilt. The tilt axis is defined so that positive tilt yields a positive

rotation about the y-axis of the external camera frame {E}. However, the pan axis

is defined so that positive pan yields a positive rotation about the x-axis of the scene

frame {S}. As the tilt angle is decreased, pan rotation tends to induce a smaller

rotation about the x-axis of {E} and a greater rotation about the z-axis of {E}.

When the tilt angle is −90◦, pan rotation yields a pure camera roll — a rotation
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about the z-axis of {E}.

Going forward, we estimate the orientation of the camera frame {E} with respect

to {W } using the unit quaternion representation of SO(3) — q̄we ∈ H — by converting

to and from Rw
e when needed.

2.2.3 Effect of Zoom on Camera Optics in Air and in Water

Given that the inspection system is submerged, it is prudent to consider the effect of

underwater optics on the camera image, particularly under camera zoom. We first

discuss zoom optics in air.

Consider a different parameterization of camera intrinsics using a singular focal

length f with a fixed aspect ratio τ [30]. In this manner, fx = τf and fy = f . In

this model, the effect of zoom is a multiplication factor s ≥ 1 of the metric focal

length f, where s = 1 corresponds to the base metric focal length when the camera is

completely zoomed out. The horizontal and vertical field of views (FOVH and FOVV )

are calculated via trigonometry of the scaled metric focal length fs and the horizontal

and vertical dimensions of the image sensor (h and v). Note that increasing s yields

a decrease in the field of view.

tan

(
FOVH(s)

2

)
=

h

2fs
(2.9)

tan

(
FOVV (s)

2

)
=

v

2fs
(2.10)

fx(s) =
cx

tan (FOVH(s) / 2)
=

2cxfs

h
(2.11)

fy(s) =
cy

tan (FOVV (s) / 2)
=

2cyfs

v
(2.12)

τ =
fx(s)

fy(s)
=
cxv

cyh
(2.13)
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Therefore, in air, the camera aspect ratio τ is invariant to zoom (assuming a static

principal point, as stated previously). However, we will now demonstrate that this

outcome does not hold in general for cameras operating underwater, where the camera

optics are subject to refractive effects [31].

Consider the same camera mounted directly behind a infinitesimally thin flat-

plate housing and submerged in water. From Snell’s Law, the amount of refraction

depends on the angle of incidence of the ray that is traced from a scene point to the

camera. Therefore, the following relationship holds for the horizontal and vertical

field of view:

sin (FOVair / 2) = nw sin (FOVwater / 2) (2.14)

where nw ≈ 1.333 is the refractive index of water.

Repeating the above derivation for this flat-plate housing shows that the aspect

ratio is no longer static with respect to zoom while operating underwater:

fx,water(s) =
cx

tan (FOVH,water(s) / 2)
=
cx
h

√
(2fs)2 n2

w + (n2
w − 1)h2 (2.15)

fy, water(s) =
cy

tan (FOVV,water(s) / 2)
=
cy
v

√
(2fs)2 n2

w + (n2
w − 1) v2 (2.16)

τwater(s) =
fx,water(s)

fy, water(s)
=
cxv
√

(2fs)2 n2
w + (n2

w − 1)h2

cyh
√

(2fs)2 n2
w + (n2

w − 1) v2
(2.17)

where we see if nw = 1, then the optical variation of zoom simplifies to the case of

operating in air.

The purpose of the above analysis is to demonstrate that the underwater optics

with zoom are non-trivial and inherently coupled with the type of housing that is

used. Although the PTZ camera used in the inspection system utilizes a spherical
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housing, not a flat-plate housing, it nonetheless stands to reason that the optical

model may differ as compared to operation in air.

Developing an optical model for general spherical housing geometries (including

possible variation in thickness) is beyond the scope of this work, but it suffices to

motivate the rationale for estimating both focal length components in the state esti-

mation and localization framework. Rather than estimating one focal length and an

assumed aspect ratio, we allow the focal length components to vary independently

to account for the camera underwater optical model to change with zoom. Because

the principal point describes the center of projection on the image sensor, we believe

that assuming a static principal point for underwater optics is reasonable with the

assumption that the center of projection and center of zoom are congruent.

2.3 ROV and Fiducial Marker Projection

The submersible robot (Fig. 1.3) is equipped with three fiducial markers to enable

pose estimation from the marker projections in the camera image space. These projec-

tions (mi = [ui, vi ]
T, i = {1, 2, 3}) provide corrections between the external camera

and the robot frames. The markers are detected using the K-means clustering al-

gorithm [32]. The markers are associated in one of two ways: 1) based on their

Euclidean distance to a known assignment in a previous frame (whereupon the initial

assignment could be given manually); 2) automatically using the P3P algorithm and

estimate of the camera state, which is used for online initialization of the ROV state

(c.f. Section 3.6.2).

The position of the markers with respect to the body frame {B} (M b
i ∈ R3, i =

{1, 2, 3}) is static and known within some limited uncertainty σ2
M ∈ R in each marker

dimension from measurements of the platform. The marker positions provide the
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visual scale that is necessary to infer the three-dimensional pose of the robot from

the marker projections. These projections arise in the external camera image space

as follows:

m̃i ∼ K [Re
w | tew ]Twb M̃

b
i (2.18)

In this model, Twb is the rigid body transformation matrix that relates points expressed

in the body frame {B} to the world frame {W }, calculated from the robot pose

estimate (pwb ∈ R3, q̄wb ∈ H). Similarly, the extrinsic calibration matrix [Re
w | tew ] is

determined from the pose estimate of the external camera (pwe , q̄
w
e ).

2.4 Vessel Geometry Representation and

Landmark Projection

The geometry of the lower core of a nuclear reactor pressure vessel lends itself well to

a “planar map” — a map that is sparsely represented by a series of adjacent planes,

that form three-dimensional lines, with landmarks that exist on these planes. We

will show how localization with respect to this map is possible with only observations

that are projective in nature, i.e., not three-dimensional.

2.4.1 Lower Core Geometry

Consider the geometry of the lower core of a nuclear reactor pressure vessel that is

shown in Fig. 2.3. The lower core consists of several components that are critical to

this work. (Note that Fig. 2.3 shows a fuel assembly mounted to the core plate. For

our work, the fuel arrays are removed, leaving no obstruction within the lower core.)
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Figure 2.3: A diagram of the primary components of the lower core of a reactor
pressure vessel [3]. For our work, all fuel assemblies are removed. Note that the
baffle plates can be represented as vertical planes. Additionally, the core plate on the
bottom of the core can be represented by a horizontal plane. The core plate contains
flow holes, and bolts and other structural elements are mounted to the baffle plates.

First, consider the baffle plates that form the “walls” of the reactor. These plates

can be represented by vertical plane segments. A three-dimension line is formed

at the intersection of adjacent baffle plates. The positioning of the baffle plates is

designed to minimize the flow disturbance of water during normal reactor operation,

so this structural design pattern for the lower core is ubiquitous in this nuclear reactor

class. Therefore, designing our framework to leverage this geometry is sound and does

not limit its use from reactor-to-reactor. Lastly, the baffle plates contain structural

elements, such as bolts, that can be used for localization.

The core plate at the floor of the vessel is flat and contains numerous circular

extrusions, known as flow holes. The positioning of the fuel rods is tightly controlled.
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Similarly, the position and diameter of the flow holes are known to a high degree of

precision.

Structurally, little variation exists between lower cores of this type of nuclear reac-

tor. All can be described by adjacent planar segments intersecting with a horizontal

plane (the core plate). Some structural variation will occur with the energy genera-

tion capacity of the reactor, but such differences will be limited to baffle configuration

and the surface area of the core plate. Visually, however, there may be significant

variation. Figure 2.4 conveys a sense of variation between reactor cores. Several

commonalities emerge: 1) a sparsity of unique visual texture exists, suggesting that

using feature-based vision methods would be challenging; 2) the flow holes on the

core plate are usually well-visible, as are the lines that arise from intersecting baffle

plates; and 3) structural elements on the walls are not reliably distinguishable.

2.4.2 Planar Representation of Vessel Geometry

Although the visual texture of the lower core may vary, the fundamental structure of

core will not. Therefore, we propose a planar representation of the lower core that

concisely describes the core geometry. This planar representation thereby enables lo-

calization of the inspection system with respect to a map that uses this representation

(Section 3.3).

The lower core geometry is defined with respect to the world frame, {W }. It

principally consists of a series of planes, which are the geometric representation of

the baffle plates and core plate. Commonly, we refer to the vertical planes as the

“walls” of the vessel. Each plane of the vessel π = [ n̄T, d ]T ∈ R4 is defined by a

unit normal vector n̄ ∈ R3 and a distance d ∈ R. By convention, the normal vector

for each wall points outward, and the normal vector for the core plate points in the
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(a) (b)

(c) (d)

Figure 2.4: Representative examples of the reactor cores and visual texture that the
framework must leverage to achieve ROV localization. Despite the differences in
texture, these examples share a common structure and thus can all be described by
a generalized representation.

positive z-direction of {W } (i.e., away from the inside of the vessel). The three-

dimensional line that arises from the intersection of two adjacent planes, πi and πj,

can therefore be represented by the Plücker line Lij = πi ∧ πj, where the “meet”

operator ∧ represents the smallest subspace that is formed by the intersection of two

subspaces. Note that Plücker lines will occur between the core plate and the baffles

plates, at the intersection of baffle plates, and at the vertical edge of the baffle plate

(the top of the reactor). These lines along the top rim of the reactor are formed from

the intersection of vertical baffle plates and an imaginary plane across the top of the

lower core that is parallel to the core plate.

The structural elements that exist within the vessel (e.g., bolts, cavities, and flow
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holes) are represented by a three-dimensional point, P . These points must exist on a

vessel surface, as represented by the constraint π · P̃ = 0, where P̃ ∼ [P T, 1 ]T is the

three-dimensional point in homogeneous coordinates and π is the coincident plane.

No points exist in the vessel that are not coincident with a planar surface.

2.4.3 Vessel Landmark Projections: Points and Lines

The PTZ camera does not provide depth observations, so the projection of vessel

points and lines in the image space serve as landmarks used for localization of the

inspection system.

Three-dimensional points and their projections in the image space are related by

p̃i ∼ K [Re
w | tew ] P̃ w

i (2.19)

For lines, the Plücker line Lij ∼ πi ∧ πj formed from the intersection of adjacent

planes defined in the world coordinate frame are projected in the external camera

image space as a line `ij ∈ P2 [28]:

Lw
ij ∼

 din̄j − djn̄i

n̄i × n̄j

 (2.20)

`ij ∼ KDewLw
ij (2.21)

where Dew is defined as the line displacement matrix that maps a Plücker line in the

world frame to the camera frame per Eq. 2.5 with R = Re
w and t = tew.

In both cases of lines and points, note that the frame of the landmark is the

world frame. In the formulation of the map (Section 3.3), we will discuss a minimal

representation for planes and points that leverages the assumption that all landmark
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points must be coincident with a plane.

2.5 Speckling: Radiation-Induced Image Noise

Over time, the PTZ camera electronics will begin to degrade from continual exposure

to radiation. This sensor degradation will manifest as speckling, defined as radiation-

induced chromatic image noise (Fig. 2.5). Speckling is characterized by the random

occurrence of pixel clusters to become activated with a high color intensity, persisting

for only one frame.

To model the speckling process for later evaluation of the framework’s robustness

to speckling, a probabilistic speckling model was quantified using 549 frames from

an inspection dataset that exhibited speckling. Table 2.1 describes the model. The

number of speckles per frame nframe (normalized by total number of pixels) is modeled

as Gaussian distribution. The size of the each speckle in pixels, ssize, is then chosen

from a categorical distribution.

Table 2.1: Speckling model as defined by the number of speckles per frame (normal-
ized by total number of pixels) and the speckle size in pixels.

Parameter Value

nframe ∼ N (µ, σ2)
µ 6.4655e−5
σ2 3.0493e−10
ssize ∼ Cat(Ki, pi)
i = {1, . . . , 6}, Ki = i
p1 0.4034
p2 0.4087
p3 0.1021
p4 0.0542
p5 0.0200
p6 0.0116
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Figure 2.5: Speckling (radiation-induced chromatic image noise) observed during a
reactor pressure vessel inspection. Speckle clusters are circled in yellow for ease in
viewing.

2.6 Summary of Models and Methods

In this chapter, we have established the necessary foundational models and methods

to characterize the inspection system. We have presented the models for the PTZ

camera and the projection of points and lines; a brief discussion of the effect of zoom

on the camera optics; characterization of the ROV and fiducial marker projection;

and a planar representation that is viable for the lower core of this class of reactor

pressure vessels. With these preliminaries, in the next chapter we will consider how

to estimate and localize the system using the camera.
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Chapter 3

State Estimation and Localization

The underlying state estimation framework that enables ROV localization is described

in this chapter. The models and methods described in Chapter 2 are utilized here.

In addition to formulating the framework, we also present a method for online ini-

tialization of the framework that is achieved through camera self-calibration.

3.1 State Estimation and Localization using the

Extended Kalman Filter

We estimate the non-linear state of the system (robot, camera, and map) using a

discrete extended Kalman filter (EKF) with quaternions [33] to obtain a recursive

state estimate. This state estimation framework leverages the methods and mod-

els described in Section 2. Figure 3.1 contextualizes the various components of the

framework.

The framework requires as priors the position of the fiducial markers on the robot,
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Figure 3.1: The system diagram of the state estimation and localization framework.

the vessel geometry as obtained from blueprint specifications within a limited degree

of uncertainty, and the camera radial and tangential distortion parameters, obtained

via a previously known calibration. We assume from this point forward that the

external camera images are unwarped following a transformation to reverse the lens

distortion. The filter is initialized in one of two ways. Manual initialization is done by

specifying initial state values that minimize the projection error between the observed

and predicted vessel landmarks. As an alternative, an online initialization procedure

can estimate the camera parameters from self-calibration from the reactor structure,

and the ROV state can be added to the filter state through inference of the camera

state and the marker projections.

Of the possible state estimation frameworks, our choice of using an EKF is mo-

tivated as follows. Consider that our system has world observations (within some

uncertainty), and the environment itself is relatively confined. Pose graphs are highly

accurate and especially useful when large-scale loop closures are needed to achieve a

globally consistent map [34]. However, because observations of the reactor are known
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in the frame that we wish to localize the ROV, the issue of loop closure is not rel-

evant for this application, as camera odometry errors are sufficiently corrected by

the observations. For this reason, it is preferred to use a filtering approach because

the most recent state is sufficient to describe the temporal evolution of the state,

which significantly reduces the computational needs of the system. Between possi-

ble filtering options, such as the EKF or the Unscented Kalman Filter (UKF), the

UKF has been shown to produce slightly more accurate results by reconstructing the

Gaussian belief distribution of the states through a series of sigma points, instead of

linearizing the system about a point [34]. However, an advantage of the EKF is that

the analytic Jacobian matrices can be used to conduct an observability analysis of

the system, providing understanding of which observations are necessary to render

the system fully observable. Although we leave the observability analysis for future

work, this may provide powerful insights to the filter. Particularly, it may be possible

to assess the system observability during operation to lend robustness to the system

and detect when the system is no longer completely observable.

3.2 System Parameterization

The non-linear state of the inspection system X(t) is estimated via an extended

Kalman filter with inputs u(t) ∈ R5 and a variable number of measurements z(t),

depending on the scene. The system state encompasses the state of the inspection

system (robot and external camera) XS(t) and the map of the vessel XM :

X(t) = [ XS(t)T, XM
T ]T (3.1)
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The state of the system is represented by

XS(t) = [ pwb (t)T, q̄wb (t)T, pwe
T, q̄we (t)T, fe(t)

T ]T (3.2)

where pwb (t) = [xwb (t), ywb (t), zwb (t) ]T and q̄wb (t) are the position and orientation (re-

spectively) of the robot with respect to the world frame, pwe = [xwe , y
w
e , z

w
e ]T and

q̄we (t) are the (static) position and orientation of the external camera with respect to

the world, and fe(t) = [ fx(t), fy(t) ]T is the vector of focal length components. As

described in Section 2.2.3, both focal length components are estimated (instead of a

constant aspect ratio τ = fx/fy) to account for the effect of zoom on underwater op-

tics. Note that we formulate the system and process models (Sec. 3.4) in continuous

time to make clear the temporal evolution of the system. In other sections, we use

the subscript k to indicate discrete time; the implementation of the framework is in

discrete time.

3.3 Map Representation and Estimation

Using the representation of reactor geometry presented in Section 2.4, the world

structure is expressed as a map in the state estimate XM that encompasses the vessel

planes and three-dimensional landmarks that exist on these planes.

We propose a minimal representation for utilizing a map of the reactor in the

EKF framework by extending the geometric representation described in Sec. 2.4.

Assuming that the vessel baffle plates are orthogonal to the core plate, vertical planes

are specified by their rotational degree of freedom (θ) about the world z-axis and

translational degree of freedom (d). Therefore, the unit normal for each wall is n̄ =

[ cos θ, sin θ, 0 ]T (so the unit normal points away from the reactor center). For the
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core plate (“floor”) of the vessel, only the height of the vessel h is needed, for n̄ =

[ 0, 0, 1 ]T and d = −h. Therefore, if the vessel consists of N walls, 2N+1 parameters

are needed for the planar structure of the vessel. An additional “virtual” plane is

defined that represents the top rim of the vessel with unit normal n̄ = [ 0, 0, 1 ]T

and d = 0. This plane is necessary to represent the Plücker lines that arise from

the top of the reactor baffle plates (where the walls intersect the “top” plane). This

representation for planes is summarized as follows:

πwall, i =



cos θi

sin θi

0

di


πfloor =



0

0

1

−h


πtop =



0

0

1

0


(3.3)

Although landmark points are three-dimensional, they all must exist on a plane.

Consider the planar map diagram described by Fig. 3.2. To enforce the coplanarity of

a landmark with its associated plane, a point is represented by two translational de-

grees of freedom within in the plane, δ1 and δ2, relative to the point −n̄d, which is the

point on the plane closest to the origin of the world frame {W }. These degrees of free-

dom represent the two-dimensional position of the landmark in the two-dimensional

subspace of R3 formed by π. When considering n̄ as one axis of an orthonormal basis

of the plane, the other two axes are v̄1 = [− sin θ, cos θ, 0 ]T and v̄2 = [ 0, 0, 1 ]T for

walls, and v̄1 = [ 1, 0, 0 ]T and v̄2 = [ 0, 1, 0 ]T for the floor. Note that this choice of

planar orthonormal basis vectors for both the walls and core plate forms a coordinate

frame [ v̄1, v̄2, n̄ ] that is consistent with the right-hand rule.

A landmark’s three-dimensional position in the world frame {W } can be recovered
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Figure 3.2: Diagram describing the representation of vessel geometry used for the
map in terms of planes and points that exist on those planes. All planar coordinate
frames adhere to the right-hand rule. The two-dimensional landmark representation
in a given plane relative to the local plane coordinate frame origin −n̄d is distance δ1
along planar basis v̄1 and distance δ2 along planar basis v̄2.

from its coincident plane and two-dimensional position within this plane:

P = δ1v̄1 + δ2v̄2 − n̄d (3.4)

It follows from Eq. 3.4 that the coplanarity constraint of the landmark, π · P̃ = 0, is

always satisfied for any choice of θ, d, δ1, or δ2.

Formulating the planes and landmarks in this manner wholly represents the ge-
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ometry with a minimum number of degrees of freedom. With this minimal represen-

tation, the map state XM ∈ R2N+1+2L for N walls and L points is as follows:

XM = [ θ1, d1, . . . , θN , dN , h, δ1, 1, δ1, 2, . . . , δL, 1, δL, 2 ]T (3.5)

In the above formulation, we chose to represent the reactor map in the state in

terms of planes. The intersecting Plücker lines could then be inferred from the map

as needed. A dual representation could instead estimate the map by its corner points.

For an equivalent minimal representation, consider that the corner points on the top

rim of the vessel have the same x- and y-coordinates as those on the reactor core plate.

Thus, two parameters for the x- and y-coordinates of each corner point that defines

the two-dimensional “footprint” of the reactor are needed, plus the reactor height.

This requires 2C + 1 parameters, where C is the number of corner points that define

the reactor footprint. From these corner points, the reactor wall equations can be

constructed. Note that reactor vessels are enclosed, so N = C.1 These representations

are duals, and thus either is viable.

3.4 Process Models

The system process model characterizes the temporal evolution of the state. For this

section, we first describe the process model in continuous time, and then show how

it is implemented in discrete time.

1For our implementation, this is true even for vessels that aren’t enclosed. For example, the
subscale mockup utilizes three “virtual walls” to enclose the vessel, so N = C even in this case.
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3.4.1 Formulation in Continuous Time

The system process input, u(t) ∈ R4, consists of the angular velocity of the external

camera with respect to its reference frame, ωe(t) ∈ R3, and the rate of change of

the normalized scaling factor for the focal length components, ζ(t) ∈ R. The entire

process model expressed in continuous time is

ṗwb (t) = 0 (3.6)

˙̄qwb (t) = 0 (3.7)

ṗwe = 0 (3.8)

˙̄qwe (t) = 1
2
Q(ωe(t)) q̄

w
e (t) (3.9)

ḟe(t) = ζ(t)fe(t) (3.10)

ẊM = 0 (3.11)

These continuous time update equations are converted into discrete time using

Euler discretization. We model the robot’s state evolution as being driven forward

by a random walk through additive process noise. For the external camera process,

the position of the external camera pwe is static. The external camera rotates with

an body-referenced angular velocity ωe(t). Q(ωe(t)) is the quaternion kinematic

matrix [35] that relates angular velocity in a body-referenced frame and quaternion

orientation to quaternion rate. Lastly, the map is static as it is defined in the world

frame {W }.

The process inputs are determined from the inspection camera, which reports

a pan angle, tilt angle, and zoom setting. We do not use the angles directly to

estimate the state of the camera, as Wu and Radke have shown that in long-term

operations, the pan and tilt angles become inaccurate due to various error sources,
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such as mechanical errors in the camera motors [27].

For the zoom process, consider that the camera does not provide a metric focal

length measurement. Instead, a scalar value representing the camera zoom state is

provided that maps to the “times” representation of zoom (e.g., 2x zoom). This

scalar is an estimate of the camera’s focal length, normalized with respect to the

camera’s base focal length (when completely zoomed out). Therefore, the rate at

which this scalar changes allows for inference of the rate of change in the focal length

components. This is formulated as a normalized scaling factor, where ζ = 0 when

the camera zoom state is static. Thus, ζ > 0 indicates zoom-in, and ζ < 0 indicates

zoom-out.

Note that an alternative to using the PTZ camera state is to infer the process

visually via homography-based image registration [36]. However, as the pan, tilt, and

zoom settings are reported by the camera, it is straightforward to utilize these instead

in the state process model.

3.4.2 Implementation in Discrete Time

For implementation in discrete time, we utilize the formulation described by Thrun,

Wolfram, and Fox [34]. A non-linear process model g predicts the evolution in the

state from the previous state Xk−1 to the current state Xk given a system input

uk ∈ R4 in the current timestep:

Xk = g(uk, Xk−1) +N (0, Qk) (3.12)

uk =
[
θe

T, Z
]
T (3.13)
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For our system,

g(u, X) =



pwb

q̄wb

pwe

|| q̄we + 1
2
Q(θe) q̄

w
e ||

(Z + 1)fe

XM


(3.14)

where θe ∈ R3, [θe]× ∈ so(3) represents the rotational odometry arising from the

camera rotation over a small timestep. Assuming Euler integration, it can be shown

that θe = ωe∆t. The input θe is obtained from successive pan and tilt angles reported

by the camera using Eq. 2.6 with a scene orientation of I3×3:

Re = R(I3×3, θk−1, φk−1)
−1R(I3×3, θk, φk) (3.15)

The axis-angle representation of Re provides θe. Note that the scene orientation Rs

does not impact the change of camera rotation from the reference frame of the camera

and is therefore not needed for calculation of the rotational process input.

For the zoom process, Z ∈ R represents the normalized change in focal length

components. This is obtained from successive zoom states z ∈ R≥1 reported by the

camera:2

Z =

(
zk
zk−1

− 1

)
(3.16)

2Strictly speaking, the zoom state reported by the camera is a rational number z ∈ Q≥1, but the
precision is sufficient to represent it as a real number for practical purposes.
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where z provides a measure of the current scaling of the focal length from the base

focal length (i.e., 2x zoom). It can be shown that Z = ζ∆t for the Euler method of

integration, and thus Zfe can be considered to be “zoom odometry” — the change

in focal length components over some ∆t.

With the process inputs, the mean and covariance of the Gaussian state belief

distribution following the process update is as follows [34]:

µ̄k = g(uk, µk−1) (3.17)

Σ̄k = Gk Σk−1Gk
T +Qk (3.18)

The matrix Gk is used to propagate the state covariance through the non-linear

process model, g, through linearization. This matrix is obtained by evaluating the

Jacobian matrix G with the process input uk and state mean µk−1:

G =
∂g(u, X)

∂X
(3.19)

Gk = G|uk,µk−1
(3.20)

The process noise matrix Qk ∈ RN×N accounts for the random process of the ROV

state through matrix Wk ∈ RN×N , as well as the input noise Mk ∈ R4×4:

Qk = Wk + VkMk Vk
T (3.21)

Wk = diag(σ2
r I3×3, σ

2
q I4×4, 0N−7×N−7) (3.22)

where σ2
r ∈ R and σ2

q ∈ R are the position and quaternion variances associated with

the ROV random process. The expression diag refers to block diagonalization, which

produces a sparse matrix except for the indicated square matrices on the diagonal.
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The matrix Vk ∈ RN×4 is used to map the input noise to the state space.

V =
∂g(u, X)

∂u
(3.23)

Vk = V |uk,µk−1
(3.24)

The process noise expressed in the input space is Mk:

Mk = diag(σ2
aI3×3, σ

2
z) (3.25)

where σ2
a ∈ R and σ2

z ∈ R are the variances associated with the rotational and zoom

process inputs, respectively.

3.5 Measurement Models

All system measurements z consist of projections into the camera image space. In

total, there are six types of measurements that can be categorized into two types: 1)

zeb, relating the robot body frame {B} to the camera frame {E}; and 2) zwe , which

relates the camera frame {E} to the world frame {W }:

z = [ zeb
T, zwe

T ]T (3.26)

Measurement predictions ẑk are formed from the current state Xk using a non-

linear measurement model h and measurement noise Rk [34]:

ẑk = h(Xk) +N (0, Rk) (3.27)

Based on the scene, there are a variable number of measurements available at
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each timestep. For this reason, we describe the measurement models individually.

The measurements can either be assembled in aggregate for one large observation

update, or applied individually as they are processed.

The EKF equations that yield the a posteriori state belief distributions are as

follows:

∆zk = zk − ẑk (3.28)

Sk = HkΣ̄kHk
T +Rk (3.29)

Kk = Σ̄kHk
TS−1k (3.30)

µk = µ̄k +Kk∆zk (3.31)

Σk = Σ̄−KkHkΣ̄k (3.32)

where ẑk = h(µ̄k).

The Jacobian matrix Hk provides the linearization of the non-linear measurement

models at the state mean µk:

H =
∂h(X)

∂X
(3.33)

Hk = H|µk
(3.34)

With the exception of the fiducial marker model, all models assume a measurement

noise of σ2
I : Rk, pt = σ2

I I2×2 for points and Rk, ln = σ2
I I4×4 for line segments. Thus,

we do not detail the measurement noise for these models in their section. However,

the measurement noise for the fiducial marker model is described in further detail as

it accounts for the uncertainty in the marker positions.
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3.5.1 Robot-to-Camera Measurements

The body-to-camera measurements, zeb, k = zm, k ∈ R6, are determined through robot

fiducial marker detection (Section 2.3):

zm, k = [m1, k
T, m2, k

T, m3, k
T ]T (3.35)

The measurement model is described in Eq. 2.18 that relates the predicted pro-

jection of the ROV markers, m̂i ∈ R2, i = {1, 2, 3}, into the image space:

ẑm, k = hm(Xk) +N (0, Rm, k) (3.36)

hm(Xk) = [ m̂1, k
T, m̂2, k

T, m̂3, k
T ]T (3.37)

The measurement noise for this model Rm, k ∈ R6×6 accounts for both noise in

the image space, but also incorporates the uncertainty of the marker positions in the

body frame:

Rm, k = σ2
II6×6 + Jk

(
σ2
MI9×9

)
Jk

T (3.38)

where Jk ∈ R6×9 is the Jacobian matrix J evaluated at µk that maps the position

uncertainty from the marker position space to the image space:

Jij =
∂mi

∂Mb
j

, ∀i, j = {1, 2, 3} (3.39)

Jk = J |µk
(3.40)
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3.5.2 World-to-Camera Measurements

Projections of structural elements (Section 2.4.3) provide observations for camera-

to-world localization; therefore, robot-to-world localization is possible through the

camera from the ROV marker observations. While the number of marker corrections

is fixed while the robot is in view, the number of landmark corrections will vary

depending on the scene. All measurements assume σ = 3 noise.

There are five types of world-to-camera observations zwe, k, which can be categorized

by the underlying geometric projection:

1. Projection of Points

• Projection of floor (core plate) landmarks.

• Projection of wall (baffle plate) landmarks.

2. Projection of Lines

• Projection of Plücker lines that arise from the intersection of adjacent walls

(baffle plates).

• Projection of Plücker lines that arise from the intersection of a wall (baffle

plate) and the floor (core plate).

• Projection of Plücker lines that arise from the intersection of a wall (baffle

plate) and the virtual top plane of the lower core.
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Projection of Landmark Points

The projection of core plate landmarks into the camera as image points is described

as follows:

zfp, k, i = pfp, k, i (3.41)

where pfp, k, i ∈ R2 is the projection of landmark point P w
fp, i that exists on the core

plate (floor). The subscript i here and forward implies that multiple projections may

exist at a particular timestep k.

Likewise, the projection of a landmark that exists on a wall (baffle plate) arises

in the image space as follows:

zwp, k, i = pwp, k, i (3.42)

where pwp, k, i ∈ R2 is the projection of a wall landmark P w
wp, i.

The measurement model for both cases is described in Eq. 2.19:

ẑfp, k, i = hfp(Xk) +N (0, Rk, pt) (3.43)

hfp(Xk) = p̂fp, k, i (3.44)

ˆ̃pfp, k, i ∼ K̂ [ R̂e
w | t̂

e

w ]
ˆ̃
P
w

fp, i (3.45)

ẑwp, k, i = hwp(Xk) +N (0, Rk, pt) (3.46)

hwp(Xk) = p̂wp, k, i (3.47)

ˆ̃pwp, k, i ∼ K̂ [ R̂e
w | t̂

e

w ]
ˆ̃
P
w

wp, i (3.48)
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where Eq. 3.4 describes how to form the three-dimensional point from the minimal

representation form used in the map and available in the state. For floor landmarks,

the reactor height ĥ and the planar distances δ̂fp, i, 1 and δ̂fp, i, 2 are needed to recon-

struct P̂ w
fp, i. For wall landmarks, the planar distances δ̂wp, i, 1 and δ̂wp, i, 2 are needed

along with the vertical wall planar representation, θ̂wp, i and d̂wp, i, to reconstruct

P̂ w
wp, i. In these equations and those to follow, the hat operator indicates that the

parameter is estimated from the framework.

Projection of Landmark Lines

As previously noted, the projection of a Plücker line forms a line in the image space.

However, we do not observe lines directly, but rather, line segments, so our mea-

surement models account for this. As shown in Fig. 3.3, each line segment obser-

vation yields two points: pA ∈ R2 and pB ∈ R2. The predicted observation is the

nearest point on this predicted line to the observed line segment [37]. In this man-

ner, the observed and predicted observations for these class of models is a 4-vector,

[pA
T, pB

T ]T = [uA, vA, uB, vB ]T ∈ R4. All predicted observations use a measure-

ment model based on Eq. 2.21.

Figure 3.3: Quantifying error between a predicted line ˆ̀and an observed line segment
`. Points p̂A and p̂B are the closest points on line ˆ̀ to points pA and pB, respectively,
that define line segment `.
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The observed line segment formed by two adjacent planes is zwl, k, i ∈ R4:

zwl, k, i =

 pwl,A, k, i
pwl,B, k, i

 (3.49)

with measurement model

ẑwl, k, i = hwl(Xk) +N (0, Rk, ln) (3.50)

hwl(Xk) =

 p̂wl,A, k, i
p̂wl,B, k, i

 (3.51)

ˆ̀∼ K̂D̂ewL̂
w

wl, i (3.52)

L̂
w

wl, i ∼ π̂i ∧ π̂′i (3.53)

m̂ = −
ˆ̀
x

ˆ̀
y

, m̂⊥ = − 1

m̂
(3.54)

b̂ = − 1

ˆ̀
y

, b̂⊥, A = vA −m⊥uA, b̂⊥, B = vB −m⊥uB (3.55)

p̂wl,A, k, i =

 ûwl,A, k, i

v̂wl,A, k, i

 =

 b̂⊥, A−b̂
m̂−m̂⊥

m̂ ûwl,A, k, i + b̂

 (3.56)

p̂wl,B, k, i =

 ûwl,B, k, i

v̂wl,B, k, i

 =

 b̂⊥, B−b̂
m̂−m̂⊥

m̂ ûwl,B, k, i + b̂

 (3.57)

Essentially, the above model determines the predicted Plücker line L̂
w

wl, i that

arises between adjacent walls π̂i and π̂′i, then projects it into the image space as

ˆ̀ = [ ˆ̀
x, ˆ̀

y ]T ∈ R2. The plane equations can be reconstructed from θ̂, d̂, θ̂′, and d̂′.

Then, a series of intermediate steps are required to calculate the closest points on

this predicted line to the observed line segment; this is done using a slope-intercept

representation. (Note that an equivalent projective geometry model was attempted,
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but it yielded poor results due to numerical instability.)

For the intersection between the floor and a wall, the observed line segment is

zfl, k, i ∈ R4:

zfl, k, i =

 pfl, A, k, i
pfl, B, k, i

 (3.58)

with measurement model

ẑfl, k, i = hfl(Xk) +N (0, Rk, ln) (3.59)

hfl(Xk) =

 p̂fl, A, k, i
p̂fl, B, k, i

 (3.60)

ˆ̀∼ K̂D̂ewL̂
w

fl, i (3.61)

L̂
w

fl, i ∼ π̂i ∧ π̂floor (3.62)

In this case, θ̂, d̂, and ĥ are needed from the state to reconstruct the predicted Plücker

line. The rest of the measurement model follows from above.

Lastly, for the intersection between the top virtual plane and a wall, the observed

line segment is ztl, k, i ∈ R4:

ztl, k, i =

 ptl, A, k, i
ptl, B, k, i

 (3.63)
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with measurement model

ẑtl, k, i = htl(Xk) +N (0, Rk, ln) (3.64)

htl(Xk) =

 p̂tl, A, k, i
p̂tl, B, k, i

 (3.65)

ˆ̀∼ K̂D̂ewL̂
w

tl, i (3.66)

L̂
w

tl, i ∼ π̂i ∧ π̂top (3.67)

For this model, only θ̂ and d̂ are needed from the state to reconstruct the predicted

Plücker line. The rest of the measurement model follows from above.

3.5.3 Measurement Acquisition and Association

Vessel landmark projections are identified and associated first using feature detection

based on geometric shape. Lines are detected using the Canny filter [38] and the prob-

abilistic Hough transform [39]. Points are detected using blob detection and, in the

case of circular elements, the Hough transform [40]. After detection, data association

is performed by first projecting map elements into the image space, and comparing

them against candidate detected landmarks. The closest detected landmark (within

a heuristic threshold) is then associated to a projected landmark.

3.6 EKF Initialization

We now propose an automated EKF initialization procedure that leverages the reactor

structure to perform self-calibration of the camera. This initialization procedure

allows inspection personnel to boot the system with minimum manual effort, further
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increasing the system utility and efficiency of inspections by avoiding the time to

manually specify initial values for the state parameters.

The online initialization procedure is a two-stage process. First, the camera con-

ducts a series of closed-loop motion sequences to obtain specific measurements of the

reactor. These sequences enable self-calibration of the camera intrinsic and extrinsic

parameters from the reactor structure. Then, the EKF is initialized with only the

camera and map. Then, in the second stage, the state is augmented with the ROV

pose. Of course, the filter can be manually initialized with the ROV, camera, and

map at once from a known prior estimate of the system.

Priors of the map state are obtained from blueprint specifications of the reactor

geometry, which typically are in good agreement with the reactor as-built dimensions.

3.6.1 Online Initialization of PTZ State through

Self-Calibration from Structure

The full initialization sequence for the camera requires several stages, where calibra-

tion parameters are determined stage-by-stage. The entire algorithm is as follows:

1) estimate the camera principal point from a zoom sequence of the core plate; 2)

estimate the camera focal length via homography, or utilize a previous estimate; 3)

estimate the camera extrinsics from a pan and tilt sweep of the lower core perimeter,

yielding the camera position and scene orientation. This procedure can be utilized to

bootstrap the EKF from minimal user inputs.

Principal Point from Core Plate

We utilize the calibration methodology proposed by Wu and Radke [27] to estimate

the camera principal point. Under assumption that the principal point is fixed and
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congruent with the center of zoom, landmark correspondences during a pure zoom

sequence are related as follows:

u′ − cx
u− cx

=
v′ − cy
v − cy

=
z′

z
(3.68)

cx (v − v′) + cy (u′ − u) = u′v − uv′ (3.69)

Each correspondence yields one equation. By observing the correspondences of several

landmarks during a zoom sequence, a series of equations are constructed to produce

an overdetermined system of equations. These equations are linear with cx and cy,

and so can be solved using the Direct Linear Transform (DLT) algorithm to obtain a

least-squares estimate of the principal point.

To collect these correspondences, the camera is commanded to -90◦ so that it

points towards the core plate, with the camera zoomed completely out. The camera

then conducts a pure zoom sequence: zooming in to several times zoom, and then

zooming out to the base zoom level. Figure 3.4 shows the zoom-in portion of this

sequence. As the metric position of the landmarks are not required to calibrate the

principal point, association of the landmarks with the map is not necessary; only

tracking of correspondences through the zoom sequence is needed.

Figure 3.4: Frames from a simulated camera zoom sequence that are used to calibrate
the principal point (the zoom-out portion of the sequence is not shown. Left: 1.0x
zoom. Middle: 1.5x zoom. Right: 3.0x zoom.
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Focal Length

The standard technique for calibrating the camera focal length from structure is to

recreate the image of the absolute conic (IAC) [26]. One such way to do this as

suggested by Wu and Radke [27] is to obtain several homographies that relate images

at different pan and tilt angles with the base level of zoom. Then, the IAC (and thus

the focal length) is obtained as follows:

ω ∼ K -TK−1 (3.70)

H ∼ KRK−1 (3.71)

ω ∼ H -TωH−1 (3.72)

However, calibration through the IAC does not always produce a well-conditioned

series of equations [30], and in practice the robustness of this method to image noise

and scene conditions is poor. Therefore, for this step, we simply utilize a prior for

focal length, as would be obtained from a prior successful run of the state estimate.

This is possible because the camera will not change significantly between inspection

deployments, and ultimately, only an estimate is needed to initialize the filter. It

follows that the first deployment of a camera would require a manual estimate for focal

length. Nonetheless, this is still more efficient than requiring a manual initialization

each time.

Extrinsics from Lower Core Perimeter

At this point, the intrinsic parameters of the camera have been calibrated. This final

step estimates the extrinsic parameters of the camera, which are the last parameters to

be specified before the filter can be initialized (without the ROV). This methodology
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first estimates the camera position, then the camera scene orientation, from which

the orientation in the world frame can be obtained for any known pan and tilt angle.

To collect the required measurements, the camera is commanded to scan the

perimeter of the lower core — see Figs. 3.5 and 3.6. Specifically,

• The camera is commanded to the minimum pan angle and the tilt angle that

causes the top rim of the lower core to be vertically centered in the image.

• The camera conducts a pure sweep motion until the maximum pan angle is

reached. During this time, the corner points of the reactor structure are identi-

fied and recorded, including both the image coordinates and the reported pan

and tilt angles.

• The camera conducts a pure downward tilt motion, until the intersecting lines

between the baffle plates and the core plate are vertically centered in the image.

• Lastly, a pure sweep motion in the opposite direction as before is commanded,

until the minimum pan angle is reached.

The basis of the extrinsic calibration-from-structure methodology is the modeling

of three-dimensional triangles that arise from line segments that are formed between

two adjacent “corner points” of the structure along the core perimeter, and the (un-

known) camera position in the world frame. This is visualized in Fig. 3.7. In vector

notation,

v1 = P w
A − pwe (3.73)

v2 = P w
B − P w

A (3.74)

v3 = pwe − P w
B (3.75)
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Figure 3.5: The perimeter of the lower core that is viewed by the PTZ camera for
online extrinsic calibration. The corners of the vessel are identified and recorded
during this sweep. The sequence begins at the blue circle and terminates at the green
circle.

where P w
A and P w

B are two corner points in the world frame, and pwe is the camera

position. It can be shown that v1 + v2 + v3 = 0, so these vectors form a triangle.

The position of the corner points are known in the world frame, so v2 is known.

Vectors v1 and v3 represent rays that are backprojected from the camera center. To

solve the triangle, consider that a calibrated camera is essentially a bearing sensor.

53



Figure 3.6: Frames from a simulated camera zoom sequence are used to estimate
the extrinsic parameters of the PTZ camera. The upper left and lower right images
correspond to the camera viewing the blue and green circles of Fig. 3.5, respectively.

Although the scene orientation is unknown (so the direction of the rays in the world

frame are unknown), the relative difference between these rays — and the angle

between them — will be constant between the scene and world frames. Thus, we can

provide an additional constraint in the world frame based on the triangle angles.

The angles between the triangle sides are as follows:

cos(θ12) =
−v1 · v2

||v1|| ||v2||
(3.76)

cos(θ23) =
−v2 · v3

||v2|| ||v3||
(3.77)

cos(θ13) =
−vs1 · vs3
||vs1|| ||vs3||

(3.78)

vsi = R(I3, θi, φi)K
−1


ui

vi

1

 (3.79)
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(a) (b) (c)

Figure 3.7: Adjacent corner points form a series of triangles with the optical center
of the camera. The equations specified by these triangles enable the camera position
to be estimated. Triangles are formed by corner points (a) along the top of the lower
core; (b) along the intersection between the baffle plates and the core plate; and (c)
vertically.

where vsi is the backprojected ray for a given corner point in the scene frame that is

imaged at image coordinates [ui, vi ]
T with pan angle θi and tilt angle φi.

Two equations can be formed for each triangle that provide constraints for the

camera position:

||v2||2 = ||v1||2 + ||v3||2 − 2 ||v1|| ||v3|| cos(θ13) (3.80)

θ12 + θ13 + θ23 = π (3.81)

where the first equation arises from the law of cosines, and the second equation

arises from the condition that the interior angles of a triangle must sum to π radians.

Each adjacent corner point pair detected from the camera sweep footage produces two
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equations. Generating equations for these corner point pairs yields an overconstrained

nonlinear system of equations. The least-squares solution to this system is obtained

from Levenberg-Marquardt nonlinear optimization. An initial position estimate is

provided to the optimization solver that assumes the camera is mounted at the center

of the xy-plane and forms a right triangle with the reactor walls.

Once the camera position in the world frame is known, the position of the corner

points in the scene frame can be determined. Then, the scene orientation is found

from calculating the best rigid body transformation that maps the corner points from

the world frame to the scene frame [41].

As an alternative, one could instead utilize the Efficient PnP (EPnP) algorithm [42],

which solves the perspective-n-point problem for cases when the points are coplanar.

After associating projections of the core plate landmarks with the map, using EPnP

would provide an estimate of the camera pose. However, it was noticed that due to

the depth involved, the camera z-position is not robustly estimated. For this reason,

the core perimeter method is preferable because observations on the camera position

from more than one depth will provide a less fragile estimate.

3.6.2 Online Initialization of ROV State

In the second stage of the online initialization methodology, the state is augmented

with the ROV pose from inference of the fiducial marks and priors of the camera

parameters. We note that this methodology obviates the need for marker association.

We now detail the methodology for online ROV initialization. As priors, we require

estimates of camera pose and intrinsics, as well as the position of the ROV markers

in the body frame. We also require that all three markers are visible in the image,

but do not require that the markers have been associated.

56



First, given three marker projections, we determine the possible permutations for

the association of the projections with the markers in the body frame. For three

markers, this is 3! = 6 permutations. Then, for each permutation, we determine

the ROV poses which could generate the projections using the P3P algorithm as

developed by Knipe, Scaramuzza, and Siegwart [43]. This algorithm produces in

closed form four possible poses for which the P3P problem has a solution. We remove

poses which are not physically viable (such as when the ROV is not in the camera

frustum). Leveraging the assumption that the ROV is typically level (due to the

stabilizing buoyancy), we then exclude solutions for which the ROV pose would have

a roll or pitch angle greater than a small heuristic value.

The remaining poses are then assessed on their likelihood using one of two metrics:

1) reprojection error or 2) Mahalanobis distance, which is a normalized measure of

the distance away from a belief distribution. With reprojection error, we assess the

difference between the predicted and actual marker projections for the given associ-

ation. For Mahalanobis distance, which is the preferred metric to use, we leverage

the state belief distribution to assess the likelihood of measurements that would arise

from a particular association:

d2 = (z̆m, k − ẑk)
TS−1(z̆m, k − ẑk) (3.82)

where z̆m, k indicates that the ordering of marker observations depends on the associ-

ation being assessed.

Following the assessments, we retain the best pose that has the best metric value

if and only if it is below a heuristic threshold. We only proceed with online ROV

initialization if only one valid solution is found. As will be shown in Sec. 4.4.2,

these tests produce good initialization cases, suggesting that these pose tests are
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well-formulated.

3.7 Summary of State Estimation Framework

In this chapter, we have proposed the state estimation framework by which ROV

localization is performed. The framework utilizes a discrete EKF that provides a

recursive state estimate of the nonlinear system. The state includes the ROV pose,

PTZ camera pose and focal length, and the reactor map. The map is defined using a

minimum-parameter representation of the lower core geometry.

The EKF models the temporal evolution of the state through a prediction step

using a nonlinear process model. The process model predicts the belief state of the

system based on inputs from the PTZ camera – specifically, rotational and zoom

odometry. The prediction is then corrected through a measurement step. Salient

features in the PTZ camera image are extracted, associated, and utilized by several

nonlinear measurement models. These features include projections of the ROV mark-

ers, reactor lines, and reactor points. The reactor lines and points serve as landmarks

to localize the PTZ camera with respect to the world. ROV-to-PTZ observations

(projection of fiducial markers) thereby enable ROV-to-world inference – localization

of the ROV with respect to the reactor vessel.

To initialize the EKF efficiently during an inspection deployment, as could be done

in an automated fashion or with manual inputs that do not require expert knowledge

of the EKF, we propose an online initialization methodology. This methodology boot-

straps the filter from a series of camera control sequences. The first step initializes the

EKF without the ROV. To estimate the initial EKF parameters, the camera conducts

a zoom sweep and then a core perimeter sweep. The zoom sweep enables estimates of

the principal point, and the extrinsic parameters are estimated from the core perime-
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ter sweep. We estimate the focal length from prior knowledge of the camera and

prior successful deployments. Once the EKF is online without the ROV, the state

is augmented to include the ROV. This ROV initialization algorithm requires prior

knowledge of the fiducal marker locations, but does not require the marker projec-

tions to be associated. The marker association is addressed by assessing the likelihood

of the measurements using the Mahalanobis distance for all possible permutations of

marker associations. The best association (i.e., yielding measurements that are most

likely based on the existing state estimate) is then selected.

This chapter not only proposes a state estimation framework that enables im-

proved inspection through greater efficiency and utility. It also proposes an efficient

online initialization procedure that is amenable to being fully automated. The goal

of improved reactor inspections is therefore clear in all aspects of the proposed sys-

tem. In the next chapter, we will present experimental results that demonstrate this

framework enables accurate and robust ROV localization.
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Chapter 4

Results and Discussion

We conduct experiments to demonstrate the correctness, accuracy, and robustness

of the state estimation framework. Experimental datasets are representative of ac-

tual infrastructure for which the framework was designed. We pursue experiments of

three different types: 1) simulation experiments using high-quality synthetic camera

datasets to show the correctness of the framework for the possible camera inputs,

2) camera experiments with a subscale mockup infrastructure system, and 3) cam-

era experiments using the inspection system with a to-scale reactor vessel mockup

(“platform experiments”). For camera experiments, the robustness of the state esti-

mate is assessed against speckling, which is radiation-induced chromatic image noise

as described in Section 2.5. All camera datasets were processed twice: 1) “clean”

(no speckling); and 2) “degraded,” with artificial speckling and color attenuation to

emulate the environmental image effects that are expected when deployed in a nu-

clear reactor vessel. We also utilize the simulation environment to conduct various

analyses to demonstrate the viability of the online initialization methodology.
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4.1 Simulation Experiments with Synthetic

Camera Datasets

We demonstrate the accuracy and uncertainty of the framework in simulation using

high-fidelity synthetic camera images for a representative dataset containing realistic

ROV motion and PTZ camera commands. The dataset, which is shown visually by

Fig. 4.1, consists of the ROV maneuvering to a waypoint within the reactor. The

PTZ camera pans, tilts, then zooms in to keep the ROV in view.

Table 4.1 summarizes the relevant parameters used for the simulation, including

EKF process and observation noise parameters. Note that these results include the

initialization of the ROV pose using the online initialization methodology (Sec. 3.6.2

Figure 4.1: Synthetic camera images from a representative dataset. To keep the ROV
in view, the PTZ camera pans, tilts, and increases the focal length to approximately
2x zoom. The top-left frame and bottom-right frame correspond to the first and last
frames of the sequence, respectively.
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Table 4.1: Framework parameters used for simulation results.

EKF initial variance:
ROV position uncertainty: σ2 = 0.01 m2

ROV orientation (quaternion) uncertainty: σ2 = 1e−4
PTZ camera x- and y-position uncertainty: σ2 = 0.01 m2

PTZ camera z-position uncertainty: σ2 = 6.25e−4 m2

PTZ camera orientation (quaternion) uncertainty: σ2 = 1e−4
PTZ camera focal length uncertainty: σ2 = 2500 px2/m2

Vessel height: 1e−12 m2

Vessel baffle plate angles: 1e−12 rad2

Vessel baffle plate distances: 1e−12 m2

Vessel planar landmarks: 1e−12 m2

EKF process model:
ROV position process noise: σ2 = 0.0025 m2

ROV orientation (rotational angle) process noise: σ2 = 6.25e−4 rad2

PTZ camera orientation (rotational angle) process noise: σ2 = 0.01 rad2

PTZ camera focal length process noise: σ2 = 0.0025 px2m2

EKF measurement model:
Image noise: σ2 = 2 px2

ROV marker uncertainty: σ2 = 1e−6 m2

and c.f. Sec. 4.4.2). Additionally, although the frames in Fig. 4.1 suggest that wall

landmarks are viable, we do not utilize these for corrections in this experiment.

The results of the simulation are shown in Fig. 4.2 as time history plots, with

the final uncertainty of the system summarized in Table 4.2. Note that we show

orientation uncertainty in terms of ZY X Tait-Bryan Euler angles. From Table 4.2,

several conclusions can be drawn. First, note the correctness of the filter. Throughout

the temporal evolution of the state — ROV motion, PTZ camera motion, and focal

length change – the framework produces estimates that are not biased, and no filter

divergence is evident. Second, the ROV localization results are sufficiently certain

to enable coarse localization of the ROV (within one body length of the robot).

Specifically, at the end of the dataset, the ±3σ uncertainty for ROV localization
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within the xy-plane is approximately 6 cm, and for z-position, the ±3σ uncertainty is

about 10 cm. The camera is well-localized with highly certain estimates. For camera

position, this is certain to within 0.7 cm, with most of the uncertainty attributed to

z-position.

Note that the uncertainty in x-position is much less than in y-position. This is an

outcome of the ROV trajectory and PTZ camera orientation — the camera is pointed

along the y-axis and the ROV initially moves in the x-direction — so this behavior

would not hold in general. However, it does indicate that certain dimensions of the

ROV position uncertainty will be reduced depending on several factors, including

position and orientation of the ROV and the PTZ camera. This suggests that an

optimal motion sequence (for both the ROV and the camera) may exist for which

the ROV pose uncertainty can be minimized. Furthermore, controlling the ROV and

PTZ camera to optimally reduce the system uncertainty could be formulated as an

active perception problem. However, this is left for future work. It suffices to show

that for these simulation results, the framework is correct with reasonable certainty

for representative system inputs and ROV motion.

4.2 Camera Experiments with a Subscale

Mockup Structure

We perform camera experiments using a subscale mockup system (Fig. 4.3) that is

designed to replicate the geometry of a generic reactor pressure vessel on a smaller

scale. A frame with markers is used as a mockup for the submersible robot. An

Axis V5915 PTZ camera is used for the external camera. We use a VICON motion
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Table 4.2: Uncertainty for selected state parameters at conclusion of the simulation
dataset.

Parameter Uncertainty (±3σ)
Robot, {B}
xwb 1.2209 cm
ywb 5.8174 cm
zwb 9.7990 cm
θwb 0.0756 rad
φwb 0.0666 rad
ψwb 0.0269 rad
External camera, {E}
xwe 0.0772 cm
ywe 0.1876 cm
zwe 0.6611 cm
θwe 0.0006 rad
φwe 0.0008 rad
ψwe 0.0017 rad

capture system to obtain ground truth pose measurements of the robot. We calibrate

the external camera assuming a projective pinhole model and radial and tangential

distortion coefficients using the Kalibr calibration toolbox [44].

In this experiment, the robot is translated in a motion that is representative of

inspection robot motion. The results of state estimate are shown in Fig. 4.4 and

Table 4.3. From ground truth, we calculate that the framework has mean-square

error (MSE) in position of under 2.9e−4 m2 in x, 3.1e−4 m2 in y, 1.7e−3 m2 in z.

Using ZY X Tait-Bryan Euler angles, the angular position MSE is under 3.8e−4 rad2

in roll, 1.3e−3 rad2 in pitch, and 6.7e−4 rad2 in yaw. Qualitatively, good agreement

is observed between the ground truth and estimated paths as shown in Fig. 4.4, and

the state estimate is shown to be robust to images degraded by environmental effects.

The uncertainty of the state estimate is also shown in Table 4.3. The ±3σ uncer-

tainty for the robot within the xy-plane is under 4.7 cm and under 10 cm vertically.

For the external camera, the lateral ±3σ uncertainty is 0.5 cm and 4.2 cm vertically.
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The relatively higher error and uncertainty in the z-direction for both the robot

and the external camera is a direct result of the subscale vessel. The subscale vessel

by design has no landmarks or visual texture on the walls, which is representative of

the most challenging types of reactor vessels for this system. In contrast with this

vessel, the to-scale mockup shown in Fig. 4.5 contains landmarks on the walls that

improve localization in the z-direction. For this reason, we expect that observing

wall landmarks or the top edge of the reactor will improve the uncertainty in this

dimension. Nonetheless, we note that the error and uncertainty in the xy-plane are

still suitable for coarse localization of the robot within the vessel.

65



Table 4.3: Accuracy and uncertainty for subscale mockup testing.

Parameter Value (Clean) Value (Degraded)
Accuracy (MSE), m2 or rad2

xwb 2.7515e−4 2.8637e−4
ywb 3.0282e−4 3.0809e−4
zwb 1.6192e−3 1.6982e−3
θwe 3.6473e−4 3.7681e−4
φwe 1.1025e−3 1.2869e−3
ψwe 6.0344e−4 6.7328e−4

Uncertainty (±3σ), m or rad
Robot, {B}
xwb 0.0435 0.0434
ywb 0.0174 0.0175
zwb 0.0961 0.0960
θwb 0.1361 0.1358
φwb 0.1101 0.1118
ψwb 0.0527 0.0520
External camera, {E}
xwe 0.0028 0.0037
ywe 0.0021 0.0034
zwe 0.0393 0.0424
θwe 0.0053 0.0056
φwe 0.0048 0.0051
ψwe 0.0162 0.0172

4.3 Platform Experiments with Inspection

System

Next, we demonstrate the capability for estimating the state of the inspection sys-

tem platform. We perform motion experiments with the inspection system platform

hoisted to a crane and translated relative to a (to-scale) reactor vessel quarter mockup

(Fig. 4.5).
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We present the results for a 26-second test where the robot was translated verti-

cally. The external camera rotates during this experiment to keep the ROV in view.

Figure 4.6 shows the estimated path of the robot for this test. As shown in Table 4.4,

the framework estimates the pose of the robot with sufficient uncertainty for coarse

localization of the robot within the vessel. Specifically, within the xy-plane, the robot

uncertainty (±3σ) is under 1.8 cm; the uncertainty in the z-direction is 2.4 cm. For

the external camera, the ±3σ uncertainty is under 0.5 cm within the xy-plane and

under 1.9 cm vertically, with total rotational uncertainty (in terms of Euler angles)

to be approximately 0.01 rad.

We note that the uncertainty estimates were lower overall for the platform ex-

periments as compared to the subscale mockup experiments, due to utilizing wall

landmarks on the vessel mockup. Additionally, as in the subscale mockup experi-

ments, we observe that the framework is robust to image degradation effects, with

little significant effect on state uncertainty. Although ground truth position data

is not available for this experiment, cross-referencing the estimated position against

images from a camera installed on-board the robot suggests good agreement between

the actual and estimated path.

4.4 Online Initialization Results

Having demonstrated the accuracy of the localization and robustness to image degra-

dation from environmental effects, we now establish the correctness of the online

initialization methodology detailed in Sec. 3.6. We perform experiments using a

ROV and PTZ camera simulation, which can generate high-fidelity synthetic camera
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Table 4.4: Uncertainty for platform experiments.

Parameter Value (Clean) Value (Degraded)
Uncertainty (±3σ), m or rad
Robot, {B}
xwb 0.0085 0.0084
ywb 0.0161 0.0162
zwb 0.0241 0.0237
θwb 0.0687 0.0727
φwb 0.0395 0.0406
ψwb 0.0214 0.0225
External camera, {E}
xwe 0.0031 0.0031
ywe 0.0036 0.0036
zwe 0.0166 0.0190
θwe 0.0035 0.0039
φwe 0.0033 0.0035
ψwe 0.0092 0.0097

datasets.

4.4.1 Monte Carlo Analysis for Online PTZ Camera

Initialization

A Monte Carlo analysis is performed to assess the accuracy of the online initialization

methodology for the PTZ camera for a variety of possible parameter values.

For each of 200 runs, the camera parameters were selected from the distributions

described in Table 4.5, where U is a uniform distribution. Figure 4.7 shows the initial

position and scene orientation for these 200 cases. The variation in camera position

is selected from viable mounting locations for the camera in the reactor. We assume

that the camera is roughly level, with neither roll nor pitch angle exceeding 0.1745

rad (10 deg). The location of the reactor corners were corrupted by Gaussian noise

with zero mean and variance 1e−5 m2 to account for limited uncertainty in the prior
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used for the reactor geometry.

Table 4.5: Monte Carlo simulation parameters.

Camera intrinsics
r ∼ N (µ = 0 px, σ2 = 50 px2)
θ ∼ U(−π rad, π rad)
cx = r cos(θ) + 360
cy = r sin(θ) + 288
fx ∼ N (µ = 1160 px/m, σ2 = 1000 px2/m2)
fy ∼ N (µ = 1215 px/m, σ2 = 1000 px2/m2)

Camera extrinsics
r ∼ U(0 m, 0.5 m)
θ ∼ U(−π rad, π rad)
xwe = r cos(θ)
ywe = r sin(θ)
zwe ∼ U(−0.75 m, −2.0 m)
θse ∼ U(−0.1745 rad, 0.1745 rad)
φse ∼ U(−0.1745 rad, 0.1745 rad)
ψse ∼ U(−π rad, π rad)

Reactor corner points
Corrupted with Gaussian noise ∼ N (µ = 0, σ2 = 1e−5 m2)

With the ground truth parameters selected for the camera model, zoom and

perimeter sweep sequences were simulated to obtain synthetic measurements, which

were corrupted with Gaussian noise. Specifically, we assume that all image measure-

ments are corrupted with zero-mean noise with 2 px2 variance. Measurement of pan

and tilt angles were also corrupted with zero-mean noise with 5.0e−5 rad2 variance.

These measurements then were utilized by the online initialization algorithms to es-

timate the camera parameters. Specifically, the principal point is estimated from the

zoom sequence, and the camera position and scene orientation (i.e., orientation with

respect to the world when pan and tilt are zero) is estimated from the perimeter

sweep sequence. The estimated focal length was chosen as a sample from a Gaussian
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distribution with the true focal length as the mean with 20 px2/m2 variance; this step

emulates that a reasonable prior is utilized from previous system deployments.

The results of the Monte Carlo simulation are shown in Table 4.6. We show the

results in terms of root-mean-square error (RMSE) from the ground truth parameters.

From the results, several conclusions about the methodology can be drawn. First,

the principal point estimation is highly accurate, yielding an estimate with mean

error under one pixel. Second, the extrinsic calibration is also accurate, providing

estimates that have approximately 1.6 cm error in the xy-plane and 0.6 cm error in

z-position on average. The relatively higher accuracy for the z-position is desirable

for initializing the filter, as the measurement models described previously tended to

produce relatively greater uncertainty in z-position. In terms of ZY X Tait-Bryan

Euler angles, the scene orientation provides estimates with approximately 0.3 deg of

error on average. The outcome suggests that the methodology is correct, and based

on previous runs of the EKF, this accuracy is sufficient to initialize the filter. Addi-

tionally, no correlation between either camera height and distance from the centerline

and either position or rotational error was evident. This suggests that the cylindrical

region of mounting positions for the camera shown in Fig. 4.7 is uniformly viable.

Table 4.6: Monte Carlo simulation results for estimating initial parameters for the
PTZ camera from the reactor structure.

Parameter RMSE
cx 0.5512 px
cy 0.2849 px
xwe 0.0109 m
ywe 0.0119 m
zwe 0.0055 m
θse 0.0036 rad
φse 0.0037 rad
ψse 0.0019 rad
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4.4.2 Online ROV Initialization

We have established the correctness of the EKF initialization procedure for bootstrap-

ping the framework (in a configuration without the ROV) in situ from specific camera

sequences and prior knowledge of the reactor geometry. Now, we demonstrate that

the ROV initialization methodology described in Sec. 3.6.2 allows for the ROV pose

to be augmented to the state without requiring marker observations to be associated.

With this step, the filter can be completely bootstrapped in an online fashion from

minimal prior information, and this process can be nearly or fully automated without

inspection personnel input.

This analysis is conducted in simulation using the dataset shown in Sec. 4.1. For

each timestep of the simulation, we apply the algorithms described in Sec. 3.6.2 using

the covariance of the PTZ camera states. We reject any marker association yielding

a Mahalanobis distance below 1, and only keep those poses which satisfy the physical

and heuristic tests for typical ROV states (i.e., near zero attitude).

As shown in Fig. 4.8, the online ROV initialization is shown to be viable for nearly

all timesteps. In fact, a viable ROV pose for initialization was found in 93.73% of the

timesteps. No timestep produced more than one viable pose. The root-mean-square

error (RMSE) for all viable poses is shown in Table 4.7. The relatively high accuracy

of the online ROV initialization suggests it is viable as a component for bootstrapping

the entire EKF. Furthermore, this methodology can also assess whether the EKF has

diverged during operation.
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Table 4.7: ROV online initialization results in terms of RMSE for a representative
simulation dataset.

Parameter RMSE
xwb 0.0058 m
ywb 0.0301 m
zwb 0.0502 m
θwb 0.0370 rad
φwb 0.0337 rad
ψwb 0.0141 rad

4.5 Summary of Results

In this chapter, we have demonstrated through simulation and camera experiments

that the state estimation framework is correct and viable for ROV localization. For

simulation results, we demonstrated the correctness of the filter for representative

ROV motion and possible camera inputs (rotation, zoom). For camera experiments,

we show that the framework enables coarse ROV localization for a subscale system

and the inspection platform, noting that the prior was successful without the use of

landmarks on the baffle plates. Lastly, we demonstrate the accuracy of the online

EKF initialization methodology. This procedure is powerful as it enables inspection

personnel to bring the system online without needing to manually specify initial state

values, which would require technical expertise with the system. Instead, through

a series of camera sequences and self-calibration algorithms, the EKF can be boot-

strapped first in a camera-and-map configuration from structural observations. Then,

the state is augmented with the ROV pose when the fiducial markers are detected

in the image space. There is no need to manually specify the association, as the

methodology determines the association that maximizes the likelihood of the obser-

vations based on a series of heuristic tests.

Ultimately, the purpose of the state estimation framework is to improve the effi-
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ciency and utility of reactor inspections. We have demonstrated that this framework

achieves that goal. Not only have we designed and evaluated this framework, we have

also presented a method to bring the framework online efficiently during inspection

deployments with minimal input from personnel.

In the final chapter, we will summarize the work and identify several areas of

future research.
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(a) (b)

(c) (d)

(e)

Figure 4.2: Time series simulation results for selected state parameters: (a) ROV
position, (b) ROV Euler angle, (c) camera position, (d) camera Euler angle, and (e)
camera focal length. The ±3σ uncertainty is shown for each signal.
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Figure 4.3: Subscale mockup system: (top) experimental setup shown with the subscale
mockup of a reactor pressure vessel; (middle) camera image of the subscale system; (bottom
left) external camera; (bottom right) subscale mockup of the inspection robot. Note the
complete lack of visual texture on the structure.
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Figure 4.4: Path of the robot relative to the subscale mockup structure. Shown are
the estimated paths for the clean (red) and degraded (blue) cases. The ground truth
path (black) is from motion capture.
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Figure 4.5: External camera images from platform testing (top) clean and (bottom)
degraded with artificial environmental image effects (speckling and color attenuation).
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Figure 4.6: Estimated path of the inspection robot relative to a quarter mockup of a
reactor vessel for the clean (red) and degraded (blue) cases.

78



Figure 4.7: The 200 camera instances of the Monte Carlo simulation fall within the
blue cylinder, which represents possible mounting positions for the camera during an
inspection deployment. The position of each instance is visualized as a black circle,
with the scene orientation shown as a frame triad.
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(a)

(b)

Figure 4.8: Time series results for ROV online initialization. Each mark represents a
viable ROV pose that was determined at that timestep.
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Chapter 5

Conclusion

5.1 Summary and Contributions

In this work, we have proposed a state estimation and localization framework that

primarily utilizes a PTZ camera to localize a submersible robot within a nuclear

reactor pressure vessel. We have proposed a map representation for reactor pressure

vessels that models the structure as a series of adjacent planes, with structural points

of interest that exist on these planes. The intersection of vessel planes project to lines

in the camera image space. These lines, as well as the points of interest on the planes,

serve as landmarks for correcting the state estimate.

We have shown that the proposed framework is suitable for coarse localization

by conducting several types of experiments. First, we showed that the framework is

correct in a simulation experiment for realistic ROV motion and the possible camera

inputs of pan, tilt, and zoom. Then, we assessed the framework performance by con-

ducting camera experiments. We confirmed the accuracy of the filter for localizing

a subscale ROV mockup with respect to a challenging vessel with no visual texture
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of wall landmarks. Second, we validated the framework using the actual inspection

system, showing that the estimated path uncertainty (±3σ) is under 1.8 cm in the

xy-plane and 2.4 cm vertically. For the camera, the position uncertainty (±3σ) is

under 0.5 cm in the xy-plane and under 1.9 cm vertically, with total rotational uncer-

tainty (±3σ) of about 0.01 rad. For these camera experiments, we verified that our

framework is robust to the environmental effects (speckling and color attenuation)

that are expected to degrade the camera images when operating in the reactor vessel.

Lastly, we have detailed an online intialization methodology for the framework.

The methodology performs self-calibration of the camera from the reactor structure

through a zoom sequence and a perimeter sweep sequence. These sequences are

sufficient to estimate the PTZ camera parameters to bring the filter online. Then,

the state is augmented with the ROV when the fiducial markers are evident. The

ROV initialization component also accounts for the unknown association of markers.

This methodology was demonstrated to be viable in simulation results. First, through

a Monte Carlo simulation, a variety of possible mounting options for the camera still

yielded estimates of sufficient accuracy. Then, for a simulation dataset, the ROV

initialization methodology inferred a viable initial pose in nearly all cases. It can

be seen that this end-to-end initialization is quite powerful, as it bootstraps the

framework with minimum input from inspection personnel. In this way, the online

initialization is a critical component of the overall system that seeks to improve the

efficiency and utility of ROV-based nuclear reactor inspection.

5.2 Improving Localization Performance

As this framework is ultimately intended to enable localization for ROV-based in-

spection, it is prudent to consider what improvements to the system may yield better
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performance in terms of reduced uncertainty. While the existing framework is proven

to be sufficient for coarse ROV localization, the level of uncertainty in the system

may constrain the types of inspections that may occur in an automated fashion (e.g.,

the system will need to be upgraded in some capacity to achieve sub-centimeter lo-

calization capabilities). To this end, we consider the limiting factors in the system,

and address possible options for further reducing system uncertainty.

5.2.1 Limiting Factors

We have shown in camera experiments that the framework is robust to environmental

image degradation, which consists of speckling and color attenuation. However, as

with all vision-only systems, scene lighting is a critical factor in the performance of

the system. The camera that is utilized for this system has a relatively large aperture,

which provides some robustness to low lighting conditions (at the cost of increased

image noise). The limiting factor for lighting is whether the scene illumination is

inadequate, and the image observations cannot be detected. In this case, insufficient

system observations will certainly lead to either degraded performance or filter diver-

gence. As the environment in which the robot operates is confined, it is recommended

to control the scene illumination with sufficient underwater lighting to address this

limiting factor.

Additionally, we consider the fact that marker occlusions may occur due to the

ROV tether or other inspection equipment. Compensating for marker occlusion is

possible through two strategies: 1) utilize a variant of the marker measurement model

based on the number of markers that are apparent (e.g., two markers, if one marker

is occluded), instead of not processing these observations at all; and 2) remove the

ROV from the state if marker occlusion causes a significant degradation in the pose
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estimate to no longer be useful, e.g., an extended duration of total marker occlusion.

Regarding this second option, the ROV can be added back to the state with the online

ROV initialization methodology when the markers are apparent again.

5.2.2 System Upgrades

System performance may be improved by upgrades to either the platform or the

system algorithms. For the ROV, mounting additional fiducial markers is relatively

simple and should yield improved performance. However, improvements may be sub-

ject to diminishing returns. The dimension with most uncertainty is the z-direction,

and viewing the ROV primarily from above (as is currently done with the PTZ cam-

era) will not change that. Instead, it would be prudent to integrate measurements

that could be obtained from a sensor on the robot. Although the inspection platform

has significant sensor constraints, one such viable sensor is a radiation-hardened, vac-

uum tube-based analog camera. As it lacks transistors and a CCD image sensor, it

can withstand the severe radiation field near the baffle plates. However, the image

quality is poor and prone to analog corruption, so this upgrade would not be trivial.

However, the advantages are numerous: obtaining measurements from the robot body

frame may yield significant increases in localization performance, as now direct ROV-

to-world observations would be available. Additionally, this would obviate issues with

marker occlusion, as the on-board camera could be used to correct the ROV pose if

the PTZ camera lost visibility of the markers.

For software improvements, we may wish to change the ROV motion model.

Presently, we model the ROV motion as a random (Brownian) process. However,

the use of a constant velocity model [45] may better represent the relatively slow

dynamics of the robot, at least in linear position, at the cost of requiring more states.
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The possibility of moving the underlying framework to an Unscented Kalman Filter

(UKF) or pose graph may yield better performance, but at the tradeoff in compu-

tational resources. Both of these frameworks have been shown to provide better

performance for nonlinear systems [34]. Here, the EKF is useful as it is amenable to

conducting an observability analysis, which we will do for future work.

5.3 Future Work

The state estimation and localization framework outlined in this thesis sets the foun-

dation for increased efficiency and utility for conducting inspection of reactor pres-

sure vessels. Specifically, we outline two primary directions for future work: 1) ROV

navigation from closed-loop control of ROV position and heading, and 2) generat-

ing high-quality mosaics and dense reconstructions of reactor pressure vessels to open

completely new avenues for improved inspection without a ROV. Additionally, we will

consider implementation of the items addressed in Sec. 5.2, especially conducting an

observability analysis of the EKF to better understand exactly which measurements

are necessary to render the state fully observable.

5.3.1 ROV Navigation

As localization is a fundamental component of mobile robotics, automation of ROV-

based inspection of reactor pressure vessels using the proposed framework is now

possible. Specifically, we will seek to design time-efficient trajectories and control

algorithms that enable the ROV to navigate within the vessel in a closed-loop manner

using the proposed state estimation and localization framework.

As an example, we demonstrate how navigation is possible in simulation. As

shown in Fig. 5.1, we calculate a trajectory from a start state to a goal state, which is
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defined by a position and heading. The trajectory generation seeks to minimize the

linear and heading acceleration of the ROV over a specified time horizon. A closed-

loop feedback controller using proportional and derivative terms is used to minimize

the error between this trajectory and the ROV position by determining the proper

ROV thruster inputs. Note that we do not consider control of roll and pitch angle

for ROV navigation. The four thrusters on the ROV provide lateral, longitudinal,

vertical, and yaw motion. The buoyancy of the platform is designed to keep the ROV

level, and so roll and pitch angles are not directly controllable.

The various forces acting on the ROV (such as hydrodynamic [viscous fluid damp-

ing], buoyancy, gravitational, and thruster forces) yield the linear and rotational

acceleration of the ROV based on a dynamics model within a small discretization

of time. Using Euler’s method, these accelerations are integrated to model the six

degree-of-freedom motion of the ROV [46].

The example of ROV navigation shown in Fig. 5.1 is performed in simulation,

but we will now begin to demonstrate navigation with the inspection system. In this

way, blending the proposed state estimation framework with trajectory and control

algorithms will yield ROV navigation capabilities that will improve the efficiency of

reactor pressure vessel inspections by minimizing the time required for the ROV to

traverse the vessel.

5.3.2 Dense Reconstruction of Reactor Pressure Vessels via

Mosaics

We now demonstrate how our state estimation and localization framework can be

utilized to generate high-quality, dense reconstructions of reactor pressure vessels

from PTZ camera images and priors of the camera intrinsics and orientations.
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Figure 5.1: An example of how trajectory generation and closed-loop control can
enable ROV navigation. Trajectories are generated to guide the ROV to a goal state.
A PD controller determines the thruster inputs to control the ROV such that the
error between the actual and commanded position and heading is minimized.

Two-Dimensional Mosaics

Generation of image mosaics (also referred to as panoramas) is possible using a pan-

tilt-zoom camera. Because the camera (and therefore the center of projection) does

not translate, image pixel displacements do not depend on scene structure [29]. In

this way, the pixel coordinates of images i and j from a PTZ camera are always
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mapped by a homography H : P2 7→ P2 [26]:

x̃j = H x̃i (5.1)

where x̃ is the homogeneous pixel coordinates, i.e., x̃ = [u, v, 1 ]T.

Specifically, this homography is the infinite homography H∞ induced by the plane

of rotation at infinity [26]. Camera frames i and j are mapped by the homography

H, defined by the camera intrinsics K (assumed to be constant in this analysis) and

relative rotation Rrel of the camera between frames i and j [47]:

H = K RrelK
−1 (5.2)

To construct the mosaic, the homographies are determined between each frame

and a common base frame. The base frame is selected to minimize the overall size of

the mosaic, which is equivalent to minimizing the warping that occurs from mapping

images from the individual frame to the base frame. Generally, it was found that

selecting a base frame in the median of the image sequence leads to mosaics that are

visually superior.

To demonstrate this methodology, we utilize a dataset that was collected with the

inspection system camera. The camera performed a sweep of a lower core mockup

that was submerged, pausing at specified pan and tilt angles (Fig. 5.2). The intrinsics

were manually estimated to maximize the alignment between adjacent images of the

mosaic. The relative rotation Rrel was calculated from the reported pan θ and tilt φ
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angles, using a manually estimated Rscene:

Rrel = Rw
j (Rw

i )−1 (5.3)

Rw
i = R(Rscene, θi, φi) (5.4)

Rw
j = R(Rscene, θj, φj) (5.5)

This methodology was utilized to construct various mosaics to model specific areas

of the reactor: baffle plates (Fig. 5.3), the core plate (Fig. 5.4), and an overhead view

of the entire vessel (Fig. 5.5). Although the mosaics have not been color adjusted

(via blending of individual images into the mosaic), and some scene misalignment

between individual images may be present due to manual estimation of parameters,

these result suffice as a proof-of-concept to show how high-quality mosaics can be

constructed for visual assessment and inspection. Furthermore, one could utilize the

state estimation framework proposed in this thesis to obtain a better estimate of

camera intrinsics and orientations for use in mosaic generation, which would lead to

mosaics with better intra-image alignment.

5.3.3 Three-Dimensional Dense Reconstruction

The methodology for generating reactor mosaics can be extended to reconstruct the

reactor geometry in a high-quality, three dimensional model. To build a dense recon-

struction, several mosaics of different vessel surfaces (similar to Figs. 5.3 and 5.4) were

assembled, and three-dimensional homographies were used to sample these mosaics

to collect color information in order to generate a dense point cloud of the vessel.
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(a)

(b)

Figure 5.2: Still images from a dataset where the inspection system camera conducted
a visual sweep of a submerged reactor mockup. Rows correspond to decreasing tilt
angle in descending order, from −20◦ to −90◦ in increments of −10◦. Columns cor-
respond to increasing pan angle from left to right in increments of 21.25◦: (a) −170◦

to 0◦; (b) 21.25◦ to 170◦.
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Figure 5.3: A mosaic of several baffle plates of a mockup reactor.

For each planar surface, a three-dimensional homography H3d : P3 7→ P3 was used

to map from the mosaic space to three dimensions:

X̃ ′ = H3d X̃ (5.6)

where X̃ is the homogeneous pixel coordinates on the mosaic plane defined by z = 0,
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Figure 5.4: A mosaic of the core plate of a mockup reactor. The obstruction that is
shown is not typical in operational reactors.
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i.e., X̃ = [u, v, 0, 1 ]T, and X̃ ′ is the mapped point in three dimensions in homoge-

neous coordinates, i.e., X̃ ′ = [x, y, z, 1 ]T.

Using the direct linear transform (DLT) algorithm [26], the homography H3d was

computed from the correspondences between four corners of a baffle plate that appear

in the mosaic and the associated three-dimensional coordinates. (Note that, with only

four correspondences, the resulting homography is not unique. However, the mapping

is nonetheless suitable for this methodology.) The same process was conducted for

the core plate.

In order to produce a dense point cloud that was uniformly distributed in three

dimensions, sample points were first generated from three-dimensional discretization

of each planar surface. These sample points were then mapped to the mosaic image

space using the homography, where the color information was then selected. This

process produces a dense, colorized point cloud for each planar surface. Repeating

this process for each surface yields the dense reconstruction of the mockup reactor

shown in Fig. 5.6. In this way, dense reconstructions of reactor pressure vessels can

be utilized for visual assessment and inspection of structural integrity in a similar

manner as the vessel mosaics. Although the dense reconstruction contains the same

visual fidelity, it also represents it in a three-dimensional form, which may provide

better utility for inspection purposes.

The results of the mosaic and dense reconstruction work are compelling. The

technologies developed by this work can be leveraged to impact multiple inspection

processes, both ROV-based and without a ROV (i.e., visual inspection using mosaics

and dense reconstructions). Indeed, the goal of developing new technologies to trans-

form existing inspection processes has been achieved, and we look forward to their

deployment in actual inspection campaigns.

94



Figure 5.6: A dense reconstruction of a reactor mockup, as generated by mapping
the underlying mosaics to three dimensional surfaces.
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