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ABSTRACT

LiDAR Scene Reconstruction Using Imagery and Frame Overlap from a Texel Camera

by

Blake Chamberlain, Master of Science

Utah State University, 2025

Major Professor: Scott Budge, Ph.D.
Department: Electrical and Computer Engineering

A small unmanned aerial vehicle (sSUAV) can be used to reconstruct a 3D scene by
capturing frames consisting of LiDAR and aerial photography data, creating a textured
digital surface model (TDSM) with the full LIDAR point cloud and an overlaid registered
image. Forming a complete 3D scene using texel image data (fused LiIDAR and digital im-
age scans) from an entire flight can be computationally prohibitive on low-cost hardware,
so a streaming bundle adjustment algorithm can be used to process the data using a slid-
ing window. The streaming algorithm uses less memory and is faster than a full bundle
adjustment. Depending on the flight pattern, matching points in the scene may be visible
from frames which are not adjacent in time, so reconstructing a complete scene can take
into account matching points from non-adjacent frames to better correct for error.

A modification to the existing streaming bundle adjustment algorithm is described
which finds overlap in frames which are not adjacent in time to correct for error. The
objective is to optimize the streaming bundle adjustment for data sets which have a large
amount of Texel images which are not captured consecutively in time. This algorithm also
addresses the ”loop-closing” problem that occurs when the sensor returns to the starting
point of a survey. Flight data from an sUAV using a sensor constructed with low cost,

commercial off-the-shelf parts is used to demonstrate how 3D scene reconstruction using



iii
this algorithm can correct for errors compared with data gathered from a full-scale aircraft.
Examples of the resulting TDSMs are presented. The presented research can be applied to
a variety of applications utilizing Texel cameras for terrain reconstruction, such as using
multiple SUAVs capturing the same area of terrain simultaneously, and allowing for accu-
rate reconstruction without requiring a strictly defined flight path to capture Texel images

consecutively.

(80 pages)
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PUBLIC ABSTRACT

LiDAR Scene Reconstruction Using Imagery and Frame Overlap from a Texel Camera

Blake Chamberlain

A small unmanned aerial vehicle (SUAV) can be used to reconstruct a large area of
terrain by capturing 3D scans, consisting of LIDAR point clouds and an overlaid image, and
combining the scans together. Forming a complete 3D scene using texel image data (fused
LiDAR and digital image scans) from an entire flight can be computationally prohibitive on
low-cost hardware, so combining registering scans is done using a streaming method which
processes the scans in consecutive chunks. Depending on the flight pattern, matching points
in the scene may be visible from scans which were not captured around the same time, so
to improve the accuracy of the final reconstruction, reconstructing a complete scene must
take into overlapping scans from any time in the flight.

A modification is described which finds overlap in scans which are not adjacent in time
to correct for error. This algorithm also addresses the ”loop-closing” problem, which occurs
when the sensor returns to the starting point of a survey. In this work, flight data gathered
from an sSUAV with low-cost, commercial off-the-shelf sensors is used to demonstrate how 3D
scene reconstruction using this algorithm can correct for errors. Examples of the resulting
TDSMs are presented. The presented research can be applied to a variety of applications
utilizing Texel cameras for terrain reconstruction, such as using multiple sSUAVs capturing
the same area of terrain simultaneously, and allowing for accurate reconstruction without

requiring a strictly defined flight path to capture Texel images consecutively.
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CHAPTER 1

Introduction

Textured Digital Surface Models (TDSMs) are used in a wide variety of applications
when large 3D scans of terrain are required. One method to reconstruct a 3D scene is to
use a small unmanned aerial vehicle (SUAV) to capture texel image data, which consists of
fused LiDAR and digital image scans representing an area of terrain. The texel image data
is then processed and registered after the flight, resulting in a single TDSM of the entire
terrain. Ensuring the TDSM is highly accurate to the true terrain is an important problem.

To obtain an accurate TDSM, full-scale aircraft can be used along with high precision
hardware and navigation equipment to properly reference LiDAR points in the world space,
but the hardware and capture costs associated with this method is prohibitive for many
applications. Less accurate hardware and navigation systems available at a lower cost can
be used on smaller aircraft to obtain TDSMs, and the acquired data can be processed and
registered after the flight to correct for errors which arise from using low precision hardware.

Correcting for measurement error in post-processing has the trade-off of a higher com-
putational cost after the data is acquired, compared to using more accurate and more
expensive measurement systems. Using a large amount of acquired texel images for a single
terrain scan, and correcting for all the measurement errors in this data to obtain a single
accurate TDSM representing a large area of terrain, can be computationally prohibitive
on low-cost hardware. The computation and memory requirements for the post-processing
error correction can be reduced by using a streaming bundle adjustment algorithm, which
processes the data using a sliding window of texel images. “Bundle adjustment” refers to
jointly optimizing the data. A bundle consists of a number of texel images grouped together,
and a nonlinear optimization is performed to reduce the error present in this set of texel
images. The streaming method for bundle adjustment, described later, groups texel images

for error correction based on adjacency in time.
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One weakness with the streaming algorithm can arise from the flight pattern when ac-
quiring texel images. Depending on the flight pattern of the sUAV, there may be significant
overlap present from texel images which are not adjacent in time, such as when the flight
pattern returns to the starting point of the survey or loops back over a previously scanned
area of terrain. The streaming algorithm as described [1] does not account for such overlap
when it occurs. From this limitation, the algorithm is not using data which could help
to improve the accuracy of the registration, and can result in uncorrected error from the
loop-closing problem that occurs when the sensor returns to the starting point of a survey.

A modification to TDSM reconstruction using the streaming bundle adjustment algo-
rithm was developed in this work. First, the post-processing step of TDSM reconstruction
is modified to detect when overlap occurs between scans outside of the sliding window of
neighboring texel images in the streaming algorithm. Next, the streaming bundle adjust-
ment is augmented with the overlapping scans so that measurement errors can be corrected
for, and the resulting TDSM is more accurate to the true terrain.

A method for efficient overlap detection in a large number of texel images was devel-
oped. This uses a broad search over every texel image in the flight to determine at which
times in the flight pattern the sUAV acquired data from the same area of terrain. The
streaming bundle adjustment algorithm was modified to use the detected overlap.

The method for augmenting the streaming bundle adjustment was compared to the
streaming bundle adjustment, to determine the improvement in the resulting TDSM. Real-
world flight data collected from a sUAV was used to measure and compare the effectiveness
of each method. Improvements in the resulting TDSMs were found when compared with
the streaming algorithm. The parameters for using the detected overlap can be adjusted

and optimized for the flight pattern to create an accurate and efficient TDSM registration.

1.1 Point Set Registration
Registering multiple sets of 3D lidar points into a single scene is a widely researched
problem. Some common algorithms to register 3D lidar points are Iterative Closest Point

(ICP) and Coherent Point Drift (CPD) [2-4]. Using these algorithms, the poses for each
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lidar point set are adjusted to reduce errors and result in a more accurate final representa-
tion. When using ICP and CPD, the algorithms as described use only the 3D point clouds
as input to the registration algorithms.

When registering 3D point sets gathered from an unmanned aerial or ground vehicle,
positioning errors in the acquired data can greatly affect the accuracy of the registration and
mapping. With sensors that determine the position of an unmanned vehicle during data
acquisition, such as an inertial measurement unit (IMU) or a global positioning system
(GPS) sensor, errors can accumulate over time and greatly affect the results of the final
registration. Returning to the starting point of a survey requires the accumulation of
these errors to be corrected for, so that the different areas of the scan can be accurately
registered together and thus create a TDSM which reflects the true terrain. Correcting for
the accumulation of these errors is a previously researched topic [5-7].

For point set registration in specialized applications, using techniques which utilize
additional data available, such as image data associated with the point clouds, can help to
improve the accuracy of the resulting point cloud [8-10]. This concept can be applied to
terrain reconstruction using texel images. A single texel image contains an electro-optical
(EO) image, taken from an optical camera, as well as a 3D point cloud, constructed from
range data acquired from a lidar sensor. The 3D point cloud and 2D image can be fused
to reference each 3D point in the point cloud to the corresponding (U, V') coordinate in the
normalized image plane on the EO image. The 3D point cloud and the 2D EO image are
fused into a single texel image. This is sometimes referred to as a 2.5D image, as it is a 3D
image from a single point of view.

With texel images, both the 3D point cloud and 2D EO image data can be used to
increase the accuracy of the final registration of multiple sets of 3D points. Key features
present in the images can be detected and extracted using Scale-Invariant Feature Transform
(SIFT) [11] and matched to corresponding key features in neighboring images to improve

point cloud registration [12,13].



1.2 Bundle Adjustment

A method for using lidar data and imagery in texel images to correct for measurement
error and form a single TDSM was implemented and analyzed by Bybee et al [14,15]. An
iterative objective function for texel frame triangulation is used in post-processing after
the flight data is captured. During data acquisition for a texel image, the camera pose
is recorded from an inertial navigation system (INS), which allows the 3D points to be
placed in the world frame and referenced to points acquired from other texel images. The
objective function combines the measured range error and point projection error between
captured images, along with the point projections into neighboring images found using
image correlation, and uses bundle adjustment to correct the poses.

Bundle adjustment is a non-linear least-squares optimization problem which, in By-
bee’s method, applies the Levenberg-Marquardt algorithm to efficiently optimize the cam-
era poses and find the maximum likelihood estimate. The corrected poses resulting from
the Levenberg-Marquardt algorithm are then used to register the lidar points from multi-
ple texel images into a single set of points, and the EO image data from is then used to
form a single orthorectified image. This image is overlaid on a triangulated network of the
corrected lidar points to form a single TDSM.

The four basic steps for bundle adjustment and texel image registration are outlined

by Bybee:

1. Estimate pairwise homographies between neighboring texel images.

2. Create the digital surface model (DSM) texture. The pairwise homographies are used

to construct a registered image (texture) and the LiDAR-to-texture mapping.

3. Select common LiDAR projection points. Pairwise homographies are used to estimate
the projection of each LiDAR measurement into the neighboring texel images, and

image correlation is used to refine this estimate.
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4. Bundle adjustment of camera poses and 3D information. The projections and LiDAR
measurements are used to triangulate the point cloud. Triangulation is done by form-
ing an objective function involving the LiDAR range measurements, their calibrated
projections into the associated texel imagery, and their projection into neighboring

texel imagery.

During bundle adjustment, the poses and points are corrected based on the variance
parameters of the measurement equipment, resulting in a TDSM which more accurately fits
the true terrain. This method of bundle adjustment was found to be efficient and capable
of correcting for errors present in texel images.

Processing very large sets of data in a single bundle adjustment has a large time and
storage complexity which makes it infeasible [16]. For reconstructing a TDSM over a wide
area, using data from a long flight with a large number of captured texel images, the pro-
cessing limitations for single bundle adjustment make TDSM reconstruction unreasonable

on most hardware.

1.3 Streaming Bundle Adjustment

To lower the computation and memory requirements for bundle adjustment, a stream-
ing bundle adjustment algorithm was developed by Khatiwada [1]. Instead of using all texel
images present in the entire data set, it modifies the bundle adjustment algorithm to use a
sliding window of texel images and corrects pose and point error over multiple iterations,
eventually covering the entire data set. This limits the amount of data in a single bundle
adjustment, using less memory and lowering runtime for TDSM reconstruction on large sets
of data. The modification to use a sliding window can be made because the bundle adjust-
ment for a single texel image’s pose and 3D points is influenced by the point projections
in the objective function. For a set of texel images which were captured consecutively, the
bundle adjustment can be limited to only the adjacent texel images. Other non-adjacent
texel images do not cover the same area of terrain, and can be left out from the bundle

adjustment iteration.
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An example of the sliding window is illustrated in Figure 1.1, where I; denotes the
7t texel image in a data set. As Figure 1.1a shows, the sliding window performs bundle
adjustment on the first three texel images in the data set, while not using I and I5 in the
bundle adjustment. After this bundle adjustment is complete, the sliding window moves to
remove 1 and add Iy, as seen in Figure 1.1b, and another bundle adjustment is performed.
This continues until the entire data set is covered.

The streaming algorithm, as defined by Khatiwada, uses a sliding window which is only
based on texel images which are time-adjacent, i.e. captured consecutively in time. This
assumes that the dataset is arranged such that time-adjacent texel images share a number
of visible points. For a typical flight from a sUAV, the flight velocity and capture height
are set so that this assumption holds.

No consideration is taken to account for texel images which are not adjacent in time
but capture the same area of terrain, such as when the sUAV returns to the starting point
after capturing the flight, or flies over a previously captured area of terrain. Depending on
the flight pattern, there may be significant overlap in a large number of texel images which
are not time-adjacent. If this is not taken into account, and a single TDSM is created
from a large number of frames using this streaming algorithm, the resulting TDSM can
contain significant errors from GPS drift over time or other errors that accumulate in the
intermediate texel images.

Adjusting the streaming bundle adjustment algorithm to account for such overlap is the
focus of this research. The contribution of this research is to build on prior research which

uses the streaming bundle algorithm, by optimizing the terrain reconstruction when using

N N

I I I3 Iy I I I, I3 I, I
(a) Sliding window for the first bundle (b) Sliding window for the second bun-
adjustment. dle adjustment.

Fig. 1.1: A demonstration of bundle adjustment using a sliding window.
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data sets which include a large amount of non-adjacent texel images that cover the same
area of terrain. A method of detecting overlap between texel images in large sets of data
was developed, and this data was used to augment the streaming bundle adjustment. This
keeps the advantages of the streaming bundle adjustment, in limiting the size of a single
bundle adjustment to make processing feasible on low-cost hardware, while improving upon
it to use additional data present in the flight during each bundle adjustment iteration to
create a more accurate TDSM. The augmented streaming bundle adjustment algorithm
developed in this research can be used to improve the accuracy of TDSM reconstruction
from texel image data sets, such as data acquired from multiple sUAVs capturing the same
area of terrain simultaneously, or data from any flight pattern with a single sSUAV which
captures texel images of the same area of terrain multiple times.

Chapter 2 describes the background necessary for this research. The methods developed
are presented in Chapter 3. The results from testing this research are described in Chapter 4.
Finally, Chapter 5 presents a conclusion and possible directions for future research building
upon this work. The research in this thesis was presented in part at the 2024 SPIE Defense

and Commercial Sensing conference [17].



CHAPTER 2

Background

2.1 Texel Camera and Texel Images

This research includes significant work developed prior by the Center for Advanced
Imaging LiDAR CAIL at Utah State University. This chapter provides necessary back-
ground for developed research, and sections 2.1, 2.2, 2.3, 2.4, and 2.5 describe research
developed prior, at the Center for Advanced Imaging LiDAR (CAIL) at Utah State Uni-
versity.

A texel camera is an instrument developed at CAIL, which consists of a lidar range
sensor and an optical camera [18]. An example of a texel camera is shown in Figure 2.1. In
addition to the optical camera and lidar sensor, it has an INS to capture the pose, and a
TX2 processor to run the data acquisition software, which are visible in Figure 2.1.

The texel camera constructs a 3D point cloud from range data acquired from a lidar
sensor, and acquires an electro-optical (EO) image. The 3D point cloud, consisting of a
set of x, y, and z data points, and EO image are then fused into a single texel image by
assigning (U, V') coordinate values to the lidar points. The (U, V') coordinates map the lidar
points to locations in the EO image. The set of this data can then be used to generate a
triangulated image network (TIN) and overlay the image, to create a single 2.5D textured
image.

For this research, the texel camera was mounted to a small unmanned aerial vehicle
(sUAV) to test on real-world data. To acquire data, the SUAV is flown over terrain while
the texel camera captures texel images at a defined interval. Figure 2.2(a) shows the drone
with texel camera payload, and Figure 2.2(b) shows the drone airborne, while capturing
data in flight. The raw data acquired in flight from the texel camera sensors is saved to

onboard memory. The raw data acquired is processed and fused into texel images after the



TX2 Processor

Lidar sensor

Fig. 2.1: The texel camera used in this research.

flight, using an image acquisition software developed by CAIL. When capturing real-world
data, the texel camera is mounted to an sUAV developed and flown in collaboration with
AggieAir [19].

An example of a texel image is shown in Figure 2.3. The corresponding point cloud is
shown in Figure 2.4, illustrating how the 3D points are used in the texel image.

An example of a TDSM from multiple texel images registered together is shown in
Figure 2.5. It can be seen that it covers a larger area than the example texel image from
Figure 2.3. Figure 2.6 shows the triangulated wireframe for the TDSM, generated from the
3D points.

A bistatic texel camera was used. The lidar and optical camera are aligned side by
side, so the center of projection for the lidar sensor and texel camera do not correspond to
the same physical location. This results in different normalized planes for the lidar sensor
and the optical camera. In this work, the normalized plane for the lidar sensor is referred

to as the normalized lidar plane, and the normalized plane for the optical camera is referred
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(a) sUAV on ground. (b) sUAV in flight.

Fig. 2.2: The sUAV with texel camera payload.

Fig. 2.3: Example of a texel image, with the optical image overlaid.
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Fig. 2.4: 3D point cloud associated with texel image, generated from acquired lidar data.
Each point is captured with a pulse from the lidar sensor. The colors of the points represent
the range from the lidar sensor when the data was acquired. The blue points seen in the
center of the image are at a higher elevation, and thus were closer to the position of the
lidar sensor when the point cloud was captured.
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Fig. 2.5: Example of a TDSM, with the optical image overlaid.

Fig. 2.6: 3D wireframe of TDSM, generated from acquired lidar data.
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to as the normalized image plane.

Aligning the normalized lidar and image planes is required for the 3D points in a texel
image to be projected onto the normalized image plane. This requires the lidar sensor
and optical camera to be calibrated, which consists of three steps: calibrating the digital
camera, aligning the lidar and digital camera, and estimating the mapping from the lidar
to the camera.

First, the intrinsic calibration matrix, IC, is found for the camera. With this matrix,
pixel values in the EO image can be converted to points in the normalized image plane, and
vice versa. The optical camera’s field of view is wider than the lidar sensor’s field of view,
so another necessary calibration is aligning the centers of projection in the lidar sensor and
the digital camera. This calibration is completed during construction of the texel camera.
The mapping for where the lidar points lie on the normalized image plane can then be

calibrated and used.

2.2 Camera Pose and Point Projections

Along with the lidar sensor and optical camera, the texel camera used in this research
contains an IMU to record the texel camera’s pose. When a texel image is taken, the INS
onboard provides an estimate of the texel camera’s pose at that point in time. This mea-
surement is recorded as a 3x3 rotation matrix R and a 3x1 translation matrix ¢, combined
into a partitioned matrix [R|t]. Each camera pose is referenced to a common frame in the
world coordinate system. The pose of the first texel image taken from the INS during data
acquisition is set as the origin for the world coordinate system, given in East, North, Up

(ENU) coordinates, with rotation and translation matrix set for this point as:

100 0
Rlt]=10 1 0 0f- (2.1)
0010

The 3D points captured with the texel camera’s lidar sensor are defined in coordinates

in the camera frame, using the 3D data captured by the lidar sensor and the calibration
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of the lidar sensor to the camera. By referencing each camera pose to this origin in the
world coordinate system, the 3D points from different texel images can be transformed into
a common coordinate system, referred to as world coordinates. This transformation is done
using the camera pose and INS.

Quaternions are used instead of the rotation and translation matrix because they are
more computationally efficient and numerically stable. Quaternions also avoid gimbal lock
that can occur when using Euler angles, when a degree of freedom is lost. Bybee et al [14,15]
give the equations for finding quaternions from a rotation and translation matrix. Given a

unit quaternion q, so that q% + q% + q% + q% =1, the rotation matrix R can be found:

1— 2(¢3+43) 2(q192—q093) 2(q193+9092)
R+E+a3+43 B+ +a3+a3 R+ +a3+4d3
[R] = 2(q192+9093) 1 _2at+a3) 2(9293—9091) (2.2)
2 2 2 2 2 2 2 2 2 2 2 2 ° °
Q97 +95+493 qptai+a5+a3 q5tai+a5+a3
2(9193—q092) 2(g293+q0q1)  2(63+43)
R+ +ac+a: R+E+a+a3 R+E+a+d3

Using the rotation matrix R, with elements I;; where 7 and j are the row and column

values, the conversion from a rotation matrix to a quaternion can also be found:

1
qg = 1(1 4+ Ri1 4+ Roo + R33),

1

@ = 1(1 + R11 — Raa — Rg33), (2.3)
1

@ = 1(1 — Ri1 + Raa — Rag),
1

@ = 1(1 — Ri1 — Raa + Rs3).

The quaternion can then be computed using:

Ro1 — Ryo

4q3 _R32 — Ra3 _R13 — R3
o= 1 R32 — Ra3 _ 1 4¢3 _ 1 Ris + Roy _ 1 Ri3 + R31 (24)
40 | Ry — Ry 401 | Riy + Ry Aa 4q3 443 | Rog — Ry
| 21 — Rz | Ri3 + R | | Ros — R32] I 4¢3
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Each texel image j has its own set of 3D lidar points, denoted as I;. Let b; =
[biz, biy, biz]T be the it" 3D point, inside the world coordinate frame. Let a; = [gjo, ¢j1, ¢j2, ¢j3,
Lizs iy, th]T be the quaternion and translation for the camera pose for texel image j, where
iz, tjy, and t;, are the translation. From this, we can define the following:

(xij,yij) as the true normalized image projection of the 3D point b; in the Gt texel
image, using the image correlation.

(44, 9ij) as the estimated normalized image projection of b; in the j** texel image from
the 3D points and pose.

Aij as the true range of b; acquired from lidar data in the 4t texel image.

i j as the estimated range of b; using 3D points and pose in the j* texel image.

The transformation of a point b;; from the world frame to the ji;, camera frame uses the
quaternion poses, the camera-to-INS offset, and the camera-to-GPS antenna offset. When
constructing the texel camera, the distance between the lidar sensor and optical camera,
and the distance between the GPS antenna and camera are both measured. These can
be considered part of the calibration parameters for the texel camera. Let dant,, dant,,
dant, be the measured distance between the optical camera and antenna in x, y, and z,
and deamy, ;s deam,, deam, be the distance between the lidar sensor and camera in x, y, and
z. Then, as Khatiwada shows [1], using the quaternion representation of a rotation matrix
from equation 2.2, the transformation for a point from the world frame into the camera

frame is given as:

_ y _
1— 2(q52+aj3) 2(qj1952—4;0943) 2(qj1943+4;509;2)
T3 3 0 2 3 5 3 2 3 5 3
qj'0+qj‘1+qj2+q]'3 Qj0+Qj1+Qj2+qj3 Qj0+Qj1+Qj2+qJ'3
27 2
[Rj] = 2(qj1952+4509;3) 2(q;,+4;5) 2(gj24j3—4509;1) (2.5)
jl = P i R [ R e e I S R ) .
Qo151 79527453 Qo151 79527453 Qo141 79527453
27, 2
2(¢5193—950952) 2(g52953+950951) _ 2(g5,+450)
2 3 5 3 2 3 5 3 > 3 3 3
L Gt ta5eTa)s o451 T2+ s o451 195213 |

and
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e lzz - dantz + dcamz - tjz
¥ O T
Xij = Xijy = [RJ] liy - danty + dcamy - tjy (26)

Xijz liz - dantz + dcamz - tjz

Let the point /ﬁ-j = [Xijur Xigy Xij.]T be the transformation of b; into the j* camera
frame. The point can be projected onto the j** normalized camera plane, and the estimated

range S\ij can be obtained, using the equation:

i Xijz

X — | — Xijy

Xij= 9| = S . (2.7)
3 o2 o2 o2
Aij VX R, A,

The estimated point on the normalized image projection plane is [Z;;, g}ij]T. When the

estimated range, Xij, is available, the projection-range representation can be written as:

Xy = Yij | - (2.8)

The point X ij is used in finding the projection error and range error, which is utilized in
bundle adjustment to optimize the poses.

For the bistatic texel camera used in this research, to create accurate point projec-
tions the physical separation between the lidar sensor, camera, and GPS antenna must be
accounted for.

The camera pose quaternion a; is used to transform a lidar point into the normalized
image plane for the texel image j which captured the point. In order to find the necessary
transformation to project a point b; into a different texel image k, the pose and translation
aj is used. Since we are trying to find a;, we can’t use it for finding the true point
projections. Therefore, we use image processing methods to first estimate a homography

between two images, and then the true point projections are found using Normalized Cross
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Correlation (NCC).

2.3 Homography Estimation and Normalized Cross Correlation

Speeded Up Robust Features (SURF) is used to find the homography estimate [20]. A
homography is a transformation matrix that describes the mapping between two images.
SURF is a feature detector and descriptor commonly used in image processing applications.
It is efficient, scale and rotation-invariant, robust, and is accurate when compared with other
feature extraction algorithms. Another algorithm to find homographies, ORB (Oriented
FAST and Rotated BRIEF) [21], was tested and resulted in similar homographies as SURF.

To find the homography between two texel images, the features in two neighboring
texel images are extracted using SURF, and matching features between the images are
found. The homography is computed from these matched features using Random Sample
Consensus (RANSAC) [22], and a least-squares method to match the points and find the
best estimate of the homography. If enough matching points between the two images were
found, and the RANSAC confidence parameter meets a defined threshold, the homography
is saved as an estimate which is assumed to be accurate.

Figure 2.7 illustrates the process for finding a homography estimate. This is a stan-
dard algorithm for point matching, commonly used to estimate homographies between two
images.

Figure 2.8 shows the correspondences matched between two optical images, taken from
two neighboring texel images. A single correspondence represents a keypoint in an image
which is detected and matched to the corresponding keypoint in the other image. Although
there are a few erroneous matches, the majority are aligned with one homography, and
RANSAC can find an accurate homography estimate from the matching keypoints between
the two images.

In a texel image, with 3D points matched to corresponding pixels in the image, the
homography is used to find point projections from one image into another image. The
resulting homography between the two images is used as an initial estimate, and the true

point projections are found using NCC. For a given 3D point inside the texel image j, a
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/ Image 1 / / Image 2 /

SURF Feature Extraction SURF Feature Extraction

Match features

RANSAC

/ Homography Estimate /

Fig. 2.7: Block diagram for homography estimation between two images using feature de-
tection with SURF.

small patch of pixels is taken from the corresponding location on the image plane. This
patch is then correlated to another patch on a different texel image &, using the homography
from SURF as the initial estimate to reduce the search size. The location in k& which has
the highest correlation is used to refine the projection of the point from image j to image
k.

Homography estimates work best between two images which have high overlap. Finding
the homography between two images which are very similar and have minimal parallax
results in more matched features and a more accurate estimate of the homography that fits
the true model between the two images.

Correlation is used with the homography estimate as a starting point for the projections
from a point into another image. NCC determines the similarity between two image patches.
Given two images, Im; and Ims, and pixels with column and row values in these images,
p1 = (c1,71) and pg = (c2,72), and p; the mean value of the patch j, the NCC match is

given by the maximum v found with the equation:
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Fig. 2.8: Image correspondences matched between two optical images. A line is drawn
between matching SURF features.
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N M
ZQIN ZQ:M (Im1 (e1+¢,r147)—p1)(Ima (ca+e,ro+r)—p2)
v(p1,p2) = — — (2.9)
( 223 223 (Im1(61+0ﬂ“1+r)—u1)2>< 223 i (Im2(02+C»T2+T)—M2)2)

If the homography estimate is poor, the area searched with NCC may not include the
section where the true point projection falls in. In some cases, such as with high parallax or
if the terrain changed sufficiently in the time between when the two images were taken, the
images in which it is searching may be dissimilar enough that the correlation cannot match
to the correct point, and the point projection is not used. This means that the algorithm

performs best on terrain with minimal height differences relative to the flight elevation.

2.4 Texel Registration and Projection Matrix

A single TDSM can be created from multiple texel images registered into a single
reconstructed scene. The main steps used for the texel registration which is used in this
research, modified and adapted from Bybee’s original algorithm presented in Section 1.1,

are:

1. Estimate pairwise homographies between consecutive texel images.

2. Form the Projection matrix. This consists of the projection of each 3D point from

the measured lidar data into every neighboring texel image which can see this point.
3. Apply bundle adjustment to optimize the 3D points and camera poses.

4. Find the appropriate texture and create the TDSM.

The projection matrix is formed with image processing techniques, using the homog-
raphy computations and point projection equations outlined in Section 2.2. The pairwise

homographies between neighboring images are found. Neighboring images are texel images
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which were acquired consecutively in time. To find the projection of a point into a non-
neighboring image, the homographies from each intermediate neighboring pair are cascaded
to obtain an estimate of the homography between the images.

Figure 2.9 illustrates how the cascaded homographies are used to find the homography
between two texel images which are not adjacent in time. I; denotes the it" texel image,
H;j denotes a homography which is directly calculated between two cascaded texel images,
and ﬁij denotes a homography estimate which is created by cascading adjacent homogra-
phies. Figure 2.9a shows which homographies are directly calculated. In Figure 2.9b, the
homography estimate H 14 is created by cascading Hio, Ha3, and Hsy.

Using the cascaded homographies allows the homographies to only be calculated be-
tween each adjacent pair; these are normally more accurate, as the rate at which images
are captured means that two adjacent images are largely identical. Therefore, more feature
points can be detected and extracted with SURF than from texel images which are not
directly adjacent.

The projection matrix consists of the image projections for each 3D point onto all other
texel images. For a point b; in texel image j which is also seen by texel image k, the point
can be projected into k to fill the entry in the matrix. The dimensions of the projection
matrix is a block matrix of m x n blocks, with m points and n total texel images, and each
block consisting of a 3-element vector, with the (z;;, ;) values on the normalized image
plane, and the range \;. As the range data is only obtained from the lidar sensor, the range

is set as zero if the point is not a part of the texel image it is being projected into.

Hyy
Hio Ho3 H3y Hys Vs ; ; NV
TN N N, L | L | I3 | 1| I5

L | L | I3 | 14| I5

(b) Cascaded homographies to create
(a) Homographies found directly be- a homography estimate between non-
tween texel images. adjacent texel images.

Fig. 2.9: Example of cascaded homographies between texel images.
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To illustrate this, an example is given with a projection matrix, with the texel images
I; and the pose of the j texel image a;, containing the points b; such that by € Iy, b, b €
Is,by € I3. The projection matrix for this example would consist of the normalized image

plane points and ranges in the form:

[z11,y11, A1) [T12, Y12, 0] (213, Y13, 0]
Z21,Y21,0 92, Y22, A22 x23,Y23,0
fra v 0] | | 5,0 o)
[31,Y31,0]  [z32,¥32, A32]  [233,Y33,0]

| [za1,941,0]  [a2,542,0] (243,943, Aas]

If a point is not visible in a texel image, i.e. based on the homography estimate,
no correlation could be found into that texel image, then the corresponding entry in the
projection matrix is set to zero. The projection matrix is an important step which defines
the model that the bundle adjustment attempts to optimize.

The projection matrix is used to compute the projection error and range error, which
are used in bundle adjustment as the error to optimize inside the objective function. Pro-
jection error is the Fuclidean distance between the estimated camera projection-range,
Xij = 4, Uij ;\ij]T, and the measured projection-range, X;; = [:;, ij, Nij]”.

The error variances are 0%, as the 2D projected point error, and oi, as the range
measurement error. These are defined from the texel camera hardware, and determined as

part of the sensor calibration setup.

Given the i'h point b; observed in the j* texel image, the error ¢;; is calculated using:

1 . 1 N 1 .
;= ;%(Cvij — &) + ;%(yij — 0ij) + a?(/\” = Aij)- (2.11)

Because the measured range J\;; is only available when the owner of the ith point is the

4% texel image (i.e., the point b; was acquired in texel image I;), the error is calculated

differently by omitting the é()\ij — 5\”) term if the owner of the point b; is not I;. The

error €;; is then calculated using:
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1 ) 1 )
€5 = 3 (@i — &) + —5 (vig — Gig)- (2.12)
I 1

Bundle adjustment is the non-linear optimization which refines the camera pose and
position of 3D lidar points. This adjustment comes from minimizing the error in the es-
timated and measured point projections. With M total texel images and N total points
inside the texel images, the error cost function to compute the squared norm of error ||e||?

combines the error equations 2.11 and 2.12, given as:

M
el = Z <Z %[(xij—fﬁij)2+(yij_ﬁij)2]+Z %()\ij_j\ij)Q‘f‘Z 012[(wij—izj)2+(yij—z)ij)2]> :
=N @ it
(2.13)

It is not necessary for every entry in the projection matrix to be non-zero. If a mea-
surement is missing, i.e. the point is not seen by that image and no projection into the
image exists, the term is omitted from the sum.

The Levenberg-Marquardt algorithm was used for the bundle adjustment. The Levenberg-
Marquardt algorithm is an iterative algorithm which combines the Gauss-Newton algorithm
and gradient descent optimization, and can be used for multiple image bundle adjust-
ment [23]. It is used because the Levenberg-Marquardt algorithm finds the maximum
likelihood estimate based on the camera parameters and pose estimates recorded from the
sensors at the time the texel image qas acquired. The size of the bundle adjustment can
be adjusted based on the size of the data set and any processing or memory limitations,
making it reasonable to run on any hardware.

The Levenberg-Marquardt algorithm adjusts the parameter vector P, which contains
camera parameters a; and the 3D points b;. The poses from the INS recorded at the time
the texel images are captured are used the starting point for the optimization.

Let f: R"™ — R"” be the function that takes the camera parameter and set of 3D points

within each texel image as the input and computes the image projections and ranges on

each image. In the optimization, given the initial estimate Py € R™, the objective is to find
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the P with minimized ||¢||? satisfying X = f(P) — e. The squared norm of error ||¢|? is
given in 2.13.

The central normal equation for the Levenberg-Marquardt algorithm is given as

(IT271T 4 p diagIT="1I))ox = JT= e (2.14)
with the variables in 2.14 defined
J = % as the Jacobian,
3’ as the covariance matrix of the measurement,
p as the damping parameter for the Levenberg-Marquardt algorithm,
0x as the parameter update vector.

The parameter vector P is created with P = [aT,b?]? so that the Jacobian has the
form J = [A|B], with A = %, B = %. The table for the Jacobian matrix in bundle

adjustment, containing the points b; such that b; € I1,bg, b3 € I3, by € I3 is:

ai ay a3 by by b3 b

X114y 0 0 By 0 0 0

X132/ 0 A 0 B, 0 0 0

X135/ 0 0 Ay Bis 0 0 0

X1 /A7 0 0 0 By 0 0

X2 | 0 A 0 0 Bx 0 0

g=92_ Xo3| 0 0 A3 0 Bas 0 0 (2.15)

oP

X1 Ay 0O 0 0 0 By 0

Xg2| 0 A2 0 0 0 Bgp 0

X33 0 0 A3 0O 0 Bsy 0

Xgq|Ap 0O 0 0 0 0 By

X2 0 A 0 0 0 0 By

X435/ 0 0 A3 0 0 0 By
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The Jacobian is a sparse matrix when a large number of images are used in a single
bundle adjustment, as most of the entries in the matrix in (2.15) are zero.
The update vector is then 0x = [da|db]. The normal equation is
U Y% da EA

= . (2.16)
wT v | \sb €B

The matrix entries are defined as

U=ATx"14,
W = ATS-1B,
V =BTS"1B,

€EA = ATE_le,
eg = BT e,

In a large bundle adjustment, the matrix on the left-hand side has a sparse structure
from da and db. A sparse matrix solver can be applied to solve this problem. After finding
the new error, the increment is saved if the squared norm error from 2.13 is reduced, and
the damping parameter, p, is adjusted accordingly. The parameter p is reduced by a factor
of 10 if the error was reduced, or increased by a factor of 10 if the error was increased. This
aids the Levenberg-Marquardt algorithm in converging to the final solution by transitioning
between Gauss-Newton and gradient descent algorithms as it converges to the optimized

solution.

2.5 Streaming Bundle Adjustment

The streaming bundle adjustment algorithm, first developed and introduced by Khati-
wada, [1] reduces the size of the bundle adjustment in texel image registration, from a
sparse matrix bundle adjustment to an iterative sliding window approach. A set of texel

images arranged consecutively is given as the input to the algorithm. A sliding window of
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texel images is taken for a single bundle adjustment, the parameters for this window are
optimized, and then the sliding window is moved to use the next texel images for another
bundle adjustment. This process repeats until every texel image within the set has been
optimized.

In the streaming bundle adjustment algorithm, the parameter look length, denoted with
L, is used to set how many texel images are included in a bundle adjustment. £ defines
the effect of one texel image onto its neighboring texel images. A texel image j has no
point projections outside of a window of L texel images forward and backward in time. The
look parameter should be set according to the amount of overlap one texel image has to
its neighbor; ideally, each texel image should have projection points onto neighboring texel
images within £ forward and backward in time, and no point projections into texel images
after or before this window. When creating the projection matrix, the point projections are
found only within £ texel images before and after the current texel image.

The size of the sliding window for a single iteration inside the streaming algorithm is
set at 3L texel images. Each iteration saves the oldest £ texel images with the optimized
points and poses inside the projection matrix, keeps the data according to 2£ in memory,
and loads in the next £ texel images for optimization.

Limiting the texel images used in bundle adjustment reduces the computations re-
quired. The use of a sliding window to restrict the maximum size of each bundle adjust-
ment helps to ensure that running the algorithm is feasible on low-cost hardware, while
minimizing the amount of memory and computational time required.

In this thesis, texel images captured consecutively in time are referred to as time-
adjacent texel images, or sliding window texel images. Other texel images not in this sliding
window, but which contain overlap with the sliding window texel images, are referred to as

overlapping texel images.

2.6 Convex Hulls
For a set S C R", the smallest convex set containing S is defined as the convex hull of

S. The convex hull of S consists of all the convex combinations of the elements in S.



27

Convex hulls are used in this research to estimate the area of terrain which a given
texel image covers. The convex hull is calculated using the (X,Y) coordinates from the 3D
lidar points in the world frame, to create a set of points defined in R?. This simplifies the
3D point cloud from the lidar data to a set of 2D points. The vertices of the convex polygon
which define the convex hull are calculated.

The convex hull is obtained using an algorithm known as Graham’s scan. This algo-
rithm was chosen for its efficiency, with a time complexity of O(nlogn) to calculate the
convex hull for n points. For a starting X, Y point, the remaining points in the set are sorted
in descending order by the angle formed with the starting point. For each of the points in
this list, it is determined whether moving to this point from the previous two points requires
a clockwise or counter-clockwise rotation. The clockwise or counter-clockwise rotation is
determined by calculating the z-coordinate of the cross product, considering the point P,
in the list and the preceding two points, P; and Py, with the cross product taken between

the vectors PyP, and PyPs. The equation for the z-coordinate is:

= POI(Ply - P2y) + Plx(P2y - P[)y) + P2:1:(P01 - Ply)- (217)

If the z-coordinate is positive, then it is a counter-clockwise rotation and the points
Py, Py are kept; otherwise, it is a clockwise rotation between the vectors, and the point P;
is inside the convex hull, and can be discarded as it is not a vertex for the convex hull.

This continues until the original starting point is returned to, and the resulting set of
points are the vertices in the convex polygon defining the convex hull. This algorithm has
O(nlogn) complexity for n points.

Figure 2.10 shows an example of a convex hull, with (X,Y’) points obtained from a
texel image. The convex hull represents the location in the world coordinate terrain, with
the axes in meters. The locations on the X- and Y- axes are referenced to the first texel
image acquired in the data set, in world coordinates; in the X direction, this example starts

about thirty meters east from where the flight first started acquiring data.
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Fig. 2.10: Convex hull generated from data points in a texel image.

2.7 Texel image data set

To acquire real-world data, the texel camera constructed at the Center for Advanced
Imaging Ladar (CAIL) was mounted to a sSUAV and was flown over a desired area of terrain
to capture texel images. The texel camera on the sSUAV has an optical camera, lidar sensor,
and INS to save the camera pose and reference the acquired 3D points to the world frame.

The field of view of the lidar is 15.8 degrees in the vertical direction, and configurable
in the horizontal direction between 30 and 40 degrees. The lidar can rotate 360 degrees at
a rate of 10 Hz.

The digital camera has a maximum resolution of 4240 by 2832 pixels. Because the field
of view for the digital camera is greater than the field of view for the lidar sensor, the digital
image is cropped and the region of interest is adjusted so that both the optical camera and
lidar sensor have the same field of view.

The texel camera is designed to use inexpensive parts, to allow for a wide variety of
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applications it can be used for. Because of this, the INS in the texel camera attached to the
sUAV contains noticeable errors that must be corrected for registration. The pose provided
by the INS gives the position within 3 meters and the attitude to within 0.3 degrees in roll,
pitch, and yaw. The coarse data provided by the INS motivates the utilization of image

processing to correct for errors when registering images.



CHAPTER 3
Methods

The focus of this research is to adapt the streaming bundle adjustment algorithm to
account for texel images not adjacent in time which have overlap with the texel images
contained in the streaming window. The objective of this is to improve the accuracy of
the reconstructed TDSM by searching the data set outside of the streaming window to
check for additional texel images which can reduce the error to the true terrain after bundle
adjustment.

To do this, the data set is searched to find other texel images which overlap with the
same area of terrain the sliding window is optimizing, and then these overlapping texel
images are provided to the streaming algorithm to augment the bundle adjustment. To
ensure that the poses can be corrected on low-cost hardware, optimizations are made to
this algorithm to reduce the computational complexity and memory usage.

In the algorithm developed in this research, the desired texel images for TDSM re-
construction are provided as input to the program. The input texel images are arranged
consecutively in time, and may be a small subset of the available flight data. The input texel
images are sorted into time-adjacent sliding windows which correspond to a single bundle
adjustment. For each of these sliding windows, the entire data set is searched for overlap-
ping texel images. These non-adjacent texel images are added to the bundle adjustment to
improve the resulting TDSM.

This means that before any bundle adjustment is done, an instruction set is created
that informs the bundle adjustment which texel images to use for each bundle adjustment.
The instruction set contains both the sliding window texel images to optimize, and the
overlapping texel images which should be included in the optimization. These instruc-
tions are then read in by the program, bundle adjustment is performed, and the resulting

reconstructed TDSM is saved.
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The main steps developed are:

1. Load each texel image and calculate the convex hull of its point cloud, projected
onto the (X,Y’) plane. These convex hulls are used to estimate overlap between texel

images which are not adjacent in time.

2. With the overlap estimates, augment the time-adjacent sliding windows to account

for this overlap.

3. Perform bundle adjustment using the Levenberg-Marquardt algorithm with the aug-

mented sliding windows.

In this research, the assumption was made that all texel images from the flight data are
available at the time of TDSM registration. This is used so that, for a given texel image,
other overlapping texel images which occur much later in the flight are able to be used. This
allows for the pose to be corrected using the entire available flight data. No assumption is
made about the flight pattern or that a given texel image has any overlap with other texel
images not adjacent in time.

A limitation inherent from this assumption is that the registration cannot be done in
real-time as the flight data is being captured, because texel images captured later in time
are used in this algorithm; however, the high computational costs of bundle adjustment
in correcting the errors already prohibit real-time registration, so it was decided this is an

acceptable assumption to make.

3.1 Estimating Overlap

A method of overlap detection for texel images was developed. This method estimates
the area of terrain captured by a given texel image, in the world coordinate frame, and
searches for other texel images in the flight data set which also capture this area of terrain.
Before bundle adjustment occurs, each texel image from the full flight data is loaded and
the 3D point cloud data is processed.

Each texel image contains 3D points in (X, Y, Z) coordinates in the camera coordinate

system. Using the camera pose obtained from the texel camera’s INS, these points can be
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transformed into the world coordinate frame, in East, North, Up (ENU) coordinates. The
equations to perform this projection are outlined in Section 2.2.

The convex hull data for an entire flight is saved as a set of vertices in X, Y coordinates,
so it is quick to run computations on this set of data. Because it is used to estimate overlap
between two terrain scans, creating 2D convex hulls from 3D data points is sufficient for
this application. To calculate the convex hull for a texel image, the set of 3D points from
a single texel image are transformed into world coordinates, and projected onto the X,Y
plane. The convex hull of this set of (X,Y") points is calculated for each image and saved
as a set of vertices defining the convex polygon as described in Section 2.6.

This convex hull created from a single texel image can be thought of as a rough estimate
of the terrain that the texel image covers, in world space coordinates; all lidar points are
contained inside this convex hull, and the rotational lidar sensor is calibrated to have the
same field of view as the optical camera. As this data still contains the uncorrected error
inside the camera pose, it is only used as an initial estimate.

Another potential method for estimating overlap would be to project the field of view of
the LiDAR sensor onto the terrain based on the estimated range of the captured 3D points
from the camera. However, calculating the convex hulls with the points is computationally
efficient and provides an accurate estimate, so it was chosen as the method to implement
for this research.

The percentage of overlap that a texel image ¢ has with another texel image j is
calculated from their convex hulls. Let C; be the convex hull of the it texel image, and C;;
be the polygon representing the intersection of C; and C;. The overlap value p;; is defined
as:

area(C;

= 3.1
Pij areaC;; (3.1)

An illustration of convex hulls with a set of 300 texel images, taken from the data that
this research was tested on, is shown in Figure 3.1. Each polygon represents the convex

hull generated from a single texel image. In the flight pattern, the drone captured texel
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images starting from the top-left, then progressed down the left column and up the right
column, ending at the top-right texel image. This represents two legs of the flight. Overlap
between non-consecutive texel images can be seen in this figure, such as in the center where
the polygons overlap.

In Figure 3.2, a portion of the convex hulls from the same set are scaled and aligned
to the flight path from which they were captured. The convex hulls are shown in blue for
visual clarity. This shows how the convex hulls correspond to the area of terrain the texel
images capture, and how texel images which are not adjacent in time contain overlap with
each other.

In the example illustrated, the two legs happen to be acquired after each other from
the flight pattern; this is not necessary for overlap to be detected. No assumption about
the ordering of the texel images is made when determining overlap, so overlap can be found
within any texel image in the data set.

After the convex hulls are obtained, they are used to create an instruction set for
augmenting the sliding windows used in bundle adjustment.

This step is primarily influenced by two parameters which can be modified: p and M.
p is the minimum percent of overlap the texel image must have with the sliding window
polygon in order to be included in the augmented bundle adjustment. M is defined as the
maximum number of overlapping texel images added to each bundle adjustment.

The minimum percent overlap parameter p is to increase the chance that, for each
overlapping texel image, accurate point projections to this can be found. If the minimum
overlap is too small, fewer feature correlations will be found, and it is less likely that an
accurate homography between them will be found. The maximum number of overlapping
texel images to save is used so that, if there is an irregular flight pattern which contains a
large amount of frames overlapping, only the frames which contain the most overlap will
be used. A higher number for the maximum frames parameter may result in redundant
frames being added, which increase computational time while not improving the result of

the final registration. M places a limit on the additional computation for an augmented
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Fig. 3.1: Texel image convex hulls. These convex hulls are taken from from texel images
acquired during adjacent legs of a survey flight.



35

o e _. {, |
A" e (/N

A
\

\ \/
AN

Il
i1
MY F’IP—’*___I,V

)

_.,,.J,

Fig. 3.2: Convex hulls generated from texel images, overlaid on flight path.



36

bundle adjustment, when compared with a non-augmented bundle adjustment.

The instruction set for which overlapping frames to use is calculated from an input
defining a consecutive range of texel images to register together in the final TDSM. Inside
this step, no bundle adjustment or projection computations are done; the program is only
using the convex hull data to generate a set of vectors defining the indices of the images to
read in for each sliding window bundle adjustment.

Given the input range of consecutive texel images and the defined look parameter L,
this range is separated into the sliding windows used in the streaming bundle adjustment.
This creates a matrix with m rows, where m is the number of bundle adjustments performed,
and 3L columns. The total number of bundle adjustments is defined by the look parameter
and total range of texel images. A single bundle adjustment is referred to as a single
optimization. This optimization consists of bundle adjustment on 3L texel images, with £
texel images optimized and saved after the Levenberg-Marquardt algorithm. If there are j
texel images in this range and L is a factor of j, then the total number of bundle adjustment
optimizations is:

(J —3L)

m= (3.2)

If £ is not a factor of j, the range must be truncated to remove the last j mod £ images

to give j — (j mod L), texel images, so the total number of optimizations is:

n- |40 -

As an illustration, if the texel image indices range is from t; to ¢;, with ¢; as the index
of a single texel image, the matrix defined as S consists of the sliding window instruction

set.
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Each row of S consists of the indices of the consecutive images to use in a single
optimization of the bundle adjustment. We have:
S = the m x 3£ matrix of indices.
s; = the set of indices of texel images used in the sliding window for the i** optimization of
bundle adjustment.
C,, = the union of the convex hulls inside s;, described as a set of vertices defining the convex
polygon.

Let C; be the polygon for the i, convex hull, and C, be the convex hull for the sliding

window polygon, defined as:

3L
Cy = U C; (3.5)
i=1
with ¢ = 1,...,3L as the set of indices for the texel images in the sliding window.

After the index matrix is found, the overlap with non-consecutive images is calculated
for each bundle adjustment optimization s;. The parameters p and M are used to find
which overlapping frames are used in augmenting the sliding window. The process for this

can be defined with the steps:

1. Determine C, as the union of convex hulls for the texel images inside s;.

2. For each texel image in the flight data not in s;, calculate the intersection of its convex
hull with C,. If the overlapping percentage of this intersection is less than p, there is

not sufficient overlap for this algorithm and the texel image can be discarded.
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3. After each intersection is calculated, take the list of all texel images with overlap and

keep the M images with the highest overlap.

When implementing this algorithm to find the intersection between two polygons, the
Shapely library was used in a Python script. [24]

To illustrate the concept of detecting overlap with sliding window sections, a section
of texel images corresponding to the upper part of Figure 3.1 was taken, shown in Figure
3.3. There are 21 convex hulls each on the left and right side, which matches to the length
of a single sliding window with look parameter £ = 7. In this example, consider the left
leg to be the texel convex hulls corresponding to the texel images inside a single sliding
window optimization, and the right leg to the non-adjacent texel images to be considered
for overlap.

The blue polygon in Figure 3.4 shows the union of convex hulls for the sliding window,
Cy. This polygon is the area which is analyzed for overlap to add additional swaths to.
Every individual convex hull, as the black polygons in this example, are checked for overlap
with the sliding window.

The area which overlaps with the sliding window is shown in Figure 3.5, filled in with
cyan. This area is used to calculate the overlap percent.

The area which overlaps is then found from the intersection of the overlap image convex
hull and the sliding window polygon, C, () Cy. The overlap percent is defined as p,, for the
overlap that the ot" non-adjacent texel image C, has with the sliding window polygon C,,

calculated with:

area C,

~ area CoNCh (3.6)

Po

From Equation (3.6), the range of p, is 0 < p, < 1, so the overlap percentage can be
defined as 100 X (po).

In the example given, the p, value for each of the overlapping convex hulls C, is
calculated. The M texel images with the highest p are saved. With the parameter set

M =5, the five most overlapping texel images are taken, and shown in Figure 3.6.
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Fig. 3.3: A section of convex hulls generated from texel images.
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Fig. 3.4: A polygon representing the union of sliding window convex hulls, along with the
overlap convex hulls to search for overlap.
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The overlapping outlined convex hulls in Figure 3.6 correspond to the overlapping texel
images that are used in the optimization, so the indices for these texel images are saved.

The final step for a single sliding window is to determine which single texel image
within the sliding window each convex hull has the highest overlap with. This data is used
in finding the homography estimates. For each overlapping convex hull, the texel image
within the sliding window which it has the highest overlap with is saved; an illustration
is in Figure 3.7, and the visualization of the overlap and the texel image with the highest
intersection is presented in Figure 3.8 and Figure 3.9.

The most overlapping convex hull within the sliding window, shown as the black out-
lined polygon in 3.9, is required because the homography from the overlap texel image to
the sliding window texel image is needed for the correlation estimates. Because the homog-
raphy for correlation estimates are found from only two individual texel images, finding
the polygon inside the sliding window which has the highest overlap helps the SURF fea-
ture detection find more matching keypoints, thus increasing the likelihood of an accurate
homography being found. A higher overlap also gives more point projections within the
overlapping area, helping the bundle adjustment accurately correct for error.

When calculating the overlap for a sliding window, depending on the flight pattern it
is possible that very few or no overlapping texel images will be found. When this occurs,
the bundle adjustment is done with only the time-consecutive texel images in the sliding
window. Additionally, the overlap algorithm works when there are not enough overlapping

texel images which meet the restriction of p; any number of overlapping swaths < M can

be used.
Let r; = [ri1, 742, ,rim| be the vector of overlapping texel images which are found
from this algorithm, with the m x M matrix R = [r1,r2, -+ ,T;]7. As part of r;;, the

sliding window texel image which has the greatest overlap with the overlapping texel image
is also calculated and saved. The matrix R is appended to the full instruction set to get

the augmented index matrix S = [S|R] as the combination of these two matrices.
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Fig. 3.8: Illustration of overlap area searched to find the highest overlapping area.
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Fig. 3.9: The convex hull within the sliding window which has the highest overlap.
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In the case where R is an empty matrix, i.e. there are no overlapping images appended
to the matrix, the bundle adjustment is identical to the non-augmented streaming bundle
adjustment.

The matrix S contains the instructions for the augmented bundle adjustment. For each
optimization 7 of the bundle adjustment algorithm, the texel images corresponding to the
indices in §; are loaded in. For the next optimization ¢ 4+ 1, the texel images in §; which
are also present in §;;; are retained in memory. The texel images retained in memory
correspond to the overlapping texel images which are the same, and the 2L texel images
inside the sliding window kept for the next bundle adjustment in the streaming algorithm’s

sliding window.
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3.2 Augmented Bundle Adjustment

The augmented bundle adjustment uses the row vectors §; € S as the indices for the
set of texel images to load in.

The projection matrix must be found for every texel image loaded in. The projection
matrix with the appended entries from the overlapping texel images is referred to in this
work as the augmented projection matrix. For the 3L texel images which are within the
sliding window, calculating the projection matrix is the same as the streaming bundle
adjustment. This uses the set of pairwise homographies between two texel images cascaded
to obtain an estimate of the homography without directly calculating it, and then using
normalized cross correlation to refine the location of the point estimate.

The points inside the overlapping texel images are appended to the projection matrix.
To find the projection of a point within the sliding window texel images into the overlapping
texel images, or the overlapping into the sliding window, the same set of consecutive pairwise
homographies cannot be solely used. Instead, the homography is calculated between the
overlap image and the sliding window texel image it has the highest overlap with, which
was found for each overlapping texel image in the overlap estimation step. The index of
this sliding window texel image is provided as part of r;.

Compared to finding projections between texel images within the sliding window, find-
ing the projections between sliding window and overlap texel images only differs in how the
homography estimates are initially found. Other steps, such as the normalized cross corre-
lation and transformation into the normalized image planes, are identical. Adding overlap
point projections to the matrix requires the algorithm to accommodate for two additional
cases: point projections between a sliding window image and an overlap image, and point
projections between two overlap images.

For finding point projections between overlap swaths and the sliding window, the cas-
caded pairwise homographies are used. Let I, denote the overlapping texel image, and I;
denotes the texel image within the sliding window which has the highest overlap with .

The first step in finding point projections is finding the homography directly between I;
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and [,, using SURF and RANSAC in an identical process to finding homographies within
the sliding window. This assumes that I; and I, have enough overlap for SURF to find
enough keypoints that RANSAC is able to find an accurate homography. Inaccurate homo-
graphies may have a significant negative impact on the projection matrix, so at this step,
the homographies are automatically checked to discard homographies that are likely to be
inaccurate. If SURF cannot find enough keypoints to meet a parameter (chosen by the
user), either because the overlapping portion of the images is too small or the overlapping
image is too homogenous and thus does not have enough unique features, then it is assumed
a homography fitting the true model will not be found, and the overlapping texel image
is discarded entirely. Another check to verify that the overlap homography estimate is ac-
curate is using the RANSAC confidence parameter. If it is too low, i.e. RANSAC is not
able to find an accurate consensus which fits the majority of the points in the model, then
an accurate homography is not found and the overlapping texel image is discarded and not
used.

The homography between I, and I; is found directly. For the point projections from
I, into other texel images in the sliding window and vice versa, the consecutive pairwise
homographies already found for the sliding window are cascaded with this homgraphy to
find the estimate. Within the pairwise homography, £ defines the maximum number of
concatenated homographies. From the definition of the look parameter £, the points in
a given texel image j are not visible after £ images forward and backward in time; so if
an overlapping texel image has the highest overlap with image inside the sliding window
i, the overlapping texel image also does not have point projections in the j — L or j + L
consecutive texel images within the sliding window.

An example is shown in Figure 2.9, with I; denoting the i" texel image, and I as
the overlapping swath not contained in the sliding window. In Figure 3.10a, I is the texel
image with the greatest overlap with Ig, so the homography Hyg is found directly between
14 and Ig. In Figure 3.10b, the homography between I; and I, Hig, is found by cascading
Hyo, Hos, H3y, and Hyg.



46

Hio Haz Hzy Hys

Hys Hoz Hsy Hys N N N N
N N N N L | L ||| I
L | Iy | I3 | 1Ih|I5
3 Hyg
H46 16
Is
Is
(b) Cascaded homographies to create
(a) Homographies found directly be- a homography estimate between non-
tween texel images. adjacent texel images.

Fig. 3.10: Example of cascaded homographies between texel images, including an overlap
texel image.

Point projections between two overlapping texel images do not use the pairwise homo-
graphies within the sliding window. Overlapping texel images often cover the same area
of terrain as other overlapping texel images. Due to this, homography estimates between
them can be found directly. This does come with an increased computational complexity,
however. The alternative to this is to use the cascaded pairwise homographies and the over-
lap to sliding window homography estimate for each overlap swath; however, it was found
in testing that concatenating homographies can accumulate error, so directly finding the
homographies results in a better TDSM registration despite the added computation time.

After the homography estimates and correlations are found, the point projections can
be added to the projection matrix. When only considering the texel images inside the
sliding window, i.e. the projection matrix used in the non-augmented streaming algorithm,
the projection matrix is a m x n banded block matrix, with m as the sum of points in all
texel images, and n texel images. The blocks in this matrix are [x;;, yi;, Aij] where i is the
point and j is the texel image it is projected into.

The projection matrix is banded when only the sliding window texel images are used.
The bandedness comes from the look parameter £, where the i*" row only finds projections
for its points into the texel images £ before and after the owner texel image j; therefore, a
row only has non-zero entries in the columns j — £ to j + L.

An example of the sliding window projection matrix, P, with £ = 1, is given for six
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total texel images in the registration. X;; denotes the points in the it" texel image projected

into the j texel image.

(3.8)

o o o o

0
0 0 Xy3 Xy Xy

0 0 0 Xsu Xs55 Xs
0 0

0 0 Xg5 Xes

The matrix shown in (3.8) only indicates potential non-zero entries, as determined by
the look parameter £; if no projection is found between a point in the i*" texel image into
the jt" texel image, the entry in the projection matrix may be zero.

Adding the overlapping texel images matrix makes the projection matrix non-banded.
The upper-left corner of the projection matrix is identical to the sliding window projection
matrix, and M columns are appended, with M corresponding to how many overlapping
images are used for this bundle adjustment optimization, 0 < M < M. There are k rows
appended to the bottom of the matrix, with k as the sum of points inside the overlapping
texel images. The right-most M columns may have non-zero entries in any row, depending
on the point projections, so the augmented projection matrix is non-banded.

An example of the augmented projection matrix, P, with £ = 1 and M = 2, is shown

in Equation (3.9).
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X1 X2 0 0 0 0 X7 Xgg
Xa1 Xz Xo3 0 0 0 Xg7 Xag
0 X3 X33 X3 0 0 Xs7 Xss
0 0 Xy3 Xu X5 0 Xyr Xug

5
Il

(3.9)
0 0 0 X5 X535 X5 X577 Xsg

0 0 0 0 X¢5 Xgs Xp7r Xos
X1 X2 X7z X7y X753 X7 X7 Xgs

Xg1 Xg2 Xgz Xgu Xgs Xgg Xg7 Xss

As with the matrix in (3.8), X;; denotes a potential non-zero entry in the projection
matrix. If there is no projection from the point in the i*? texel image to the j** texel image,
then the entry is left as zero. The matrix in (3.9) shows an example of the non-banded
augmented projection matrix.

Different solving techniques can be used for the augmented projection matrix for run-
ning the Levenberg-Marquardt algorithm. In the conventional bundle adjustment, with
every texel image and each projection included in a single bundle adjustment using the
Levenberg-Marquardt algorithm, the projection matrix is sparse for a very large amount
of texel images in the registration, and sparse solving techniques can be used. Streaming
bundle adjustment limits the amount of data which can be provided to the matrices used
in the Levenberg-Marquardt algorithm, and makes the matrix structure dense. In the aug-
mented projection matrix, similar to the sliding window, the structure is dense and using

sparse solving techniques may not result in a reduction in computation time.

3.3 Effect on Processing Time
The additional complexity of the overlap algorithm gives it a higher computational
impact when compared with the sliding window approach with no overlap. This additional

time complexity comes in four main areas:

1. Calculating convex hulls for each texel image in flight data.
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2. Creating an overlap instruction set for streaming bundle adjustment.

3. Loading in overlap frame data from memory, finding the homography estimates for

the overlap swaths and computing the projections into neighboring texel images.

4. Computations for Levenberg-Marquardt bundle adjustment with the larger projection

matrix.

Calculating the convex hulls for the entire data set takes significantly longer, but is
only required to be calculated once for each data set. The bottleneck on calculating the
convex hulls is in read/write speed on disk to extract and load the texel image data into
memory. Texel image data for each frame is saved in a compressed file format on disk, and
calculating the convex hull requires extracting and loading in this data so that the X,Y, Z
points are able to be retrieved from this data. This is dependent on hard drive speed. The
time complexity for this step is O(n), for n texel images, and is only required to be done
once for each data set. After the convex hulls are calculated, the points are saved in a .dat
file which is much quicker to load in than the full data for each texel image. Pre-calculating
and saving the convex hulls saves the time of loading in each texel image every time it is
used.

Using the convex hulls to create the overlap instruction set is another time complexity
addition. For each frame in the sliding window, the intersection with every other frame
must be calculated in order to find if any frames intersect, and if so, sort frames in de-
scending order of greatest intersection with the main sliding window. The convex hulls are
saved in a binary tree so that the intersection of every texel image does not need to be
calculated, so finding the overlapping frames for a single sliding window optimization has a
time complexity of O(mlogn), for n total frames in the flight data and m sliding window
frames.

Another addition which slows down the post-processing computations is in using the
overlap instruction sets. For each bundle adjustment, the overlapping frames must be loaded

in from the texel image data saved on disk. This only requires loading a maximum of M
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frames, where M is defined as the maximum frame parameter. The additional time taken
due to this step is small, relative to the additions in calculating and using the convex hulls.
The time complexity of the Levenberg-Marquardt algorithm compared to streaming
bundle adjustment cannot easily be determined analytically, as it is dependent on the matrix
structure and solving methods used. It is instead experimentally analyzed in Section 4.3.
To illustrate the difference between the streaming bundle adjustment algorithm, de-
veloped by Khatiwada [1], and the modified streaming bundle adjustment algorithm which
uses overlap, block diagrams are shown below. The streaming bundle adjustment is shown
in Figure 3.11. The final output in Figure 3.11, Reconstructed TDSM With Optimized 3D
Points, is the reconstructed terrain after the streaming bundle adjustment has corrected for
sensor error. The flow diagram for the augmented streaming bundle adjustment algorithm

is shown in Figure 3.12.
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Fig. 3.11: Block diagram for the non-augmented streaming bundle adjustment algorithm.
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‘ Compute convex hulls

‘ Save overlapping convex hulls as vertices ‘

Augmented Streaming Bundle Adjustment

‘ Load L texel images for sliding window ‘

‘ Estimate overlapping texel images ‘

‘ Load up to M overlapping texel images ‘

‘ Levenberg-Marquardt algorithm ‘

‘ Save L texel images ‘

|

/ Reconstructed TDSM with Optimized 3D Points /

Fig. 3.12: Block diagram for the augmented streaming bundle adjustment, as implemented
in this research.



CHAPTER 4

Results

The methods presented in this work were tested on a set of texel images to test the
feasibility of running this algorithm and analyze any improvement in the resulting TDSMs.
The data set used in this research was acquired from a sUAV flight over Utah State Uni-
versity campus on 28 July 2023. The portion of the flight path used in testing this data is
shown in Figure 4.1.

The sUAV captured texel images from a height of 60 meters, at a rate of five texel

images per second. The full flight contains 2394 texel images.

4.1 A Metric for Quantifying Accuracy

To test the augmented streaming bundle adjustment and verify the effectiveness of it
compared to conventional bundle adjustment and streaming bundle adjustment, a method
for comparing the effectiveness and accuracy of different registered TDSMs must be con-
sidered.

The results should be measured by how close the resulting TDSM is to the actual
terrain being reconstructed. A highly accurate and reliable method for determining the
accuracy of the TDSM would be comparing it to the ground truth [25,26]. However, for
the data acquired from the sUAV and used in this research, the ground truth data was not
acquired and thus is not available, so different TDSM registrations cannot be compared
to an objective ground truth to determine accuracy. Other qualitative and quantitative
methods for determining the effectiveness of the final TDSM registration must be used.

One such quantitative method is by comparing the sum of squared error after each
optimization of the Levenberg-Marquardt algorithm. The program used in this research
can store the factor by which the sum of squared error is improved from the initial error

to after the Levenberg-Marquardt algorithm. In the results presented here, the factor is



Fig. 4.1: Aerial image of the sUAV flight pattern used. Created with DJI Flight Log Viewer.

normalized by the number of points used in the optimization, so that the non-augmented and
augmented cases can be directly compared. A higher number for this factor indicates that
the Levenberg-Marquardt algorithm was able to correct for more error in the initial poses,
and converge to a result which better matches the model based on the point projections.

The sum of squared error is based on the point projections found and stored in the
projection matrix; so if the projections are accurate to the true model of the captured data,
then a larger factor of improvement in the error makes the resulting TDSM more accurate.
However, this method may be prone to errors. If the point projections found are incorrect,
then the model that it is fitting is worse than the true model and a higher factor of reducing
the sum of squared error does not indicate an increase in accuracy.

The point projections being incorrect can usually happen from the homography esti-
mates not accurately matching the true model, resulting in poor correlations. The chance
of this happening is reduced by setting a high confidence parameter for RANSAC, when
finding the homography between two texel images. Additionally, this is checked by setting
the threshold for a point correlation to be found. If the normalized cross correlation cannot
find a point, then the projection is not saved and the low confidence point does not affect

the model.
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Another qualitative method of determining accuracy in the resulting TDSM is by visu-
ally inspecting the resulting TDSM. The 3D point cloud and optical image can be analyzed
for any discrepancies or trends that would indicate that the model is not accurate. This
can be done based on the assumptions of the terrain being captured; e.g. for a flat sur-
face, an accurate TDSM would have multiple texel images which cover this surface to be
level with respect to each other and have minimal variation in angles and range, or for a
captured building, the overlaid image should closely align to the corner of the building. In
this research, both the point cloud and the TDSM with an overlaid image are analyzed and

compared to verify the quantitative results of the sum of squared error.

4.2 Effect of Augmented Bundle Adjustment Parameters

The two parameters tested in the augmented bundle adjustment are p, the minimum
overlap percent parameter, and M, the maximum number of texel images to augment the
sliding window with. In testing, the control case for the streaming bundle adjustment was
using M = 0, so that only the sliding window texel images are used for the non-augmented
images.

The first case for which the augmented bundle adjustment is tested is in a set of
consecutive texel images by analyzing the performance for a consecutive set. This is testing
the assumption that the extra data from overlapping texel images outside of the sliding
window is able to improve the sliding window registration. The non-registered set of texel
images used in this testing is shown in Figure 4.2, with the point cloud viewed from the side,
shown in Figure 4.3. This shows the uncorrected error from the camera poses at the time
the texel images were captured, which causes the discrepancy between the texel images. The
goal of TDSM registration is to correct for the errors and remove the aberrations present
so that after registration, the errors will be corrected and better match the true terrain
representation.

The 3D points in point clouds shown are colored according to the elevation relative
to the highest and lowest points in a texel image. For example, in Figure 4.3, the blue

points shown on the left side of the image correspond to a higher elevation on the roof of a
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building, and the yellow and orange points seen at the bottom of the image correspond to
a lower elevation on the ground.

This was tested on a set of 60 texel images with p = 0.15, M =5, £L = 5. The sum of
squared error distance improvement is presented in Table 4.1. Each iteration had M =5,
with M defined as the amount of texel images which meet the rho parameter and are added

to the bundle adjustment, 0 < M <M.

Optimization | Non-augmented | Augmented | Augmentation Improvement
1 0.0050 0.0275 5.50
2 0.0113 0.0232 2.035
3 0.0102 0.0065 0.637
4 0.0075 0.0061 0.813
5 0.0074 0.0078 1.054
6 0.0065 0.0079 1.215
7 0.0189 0.0260 1.376

Table 4.1: Augmentation improvement for each optimization in bundle adjustment. The
non-augmented and augmented numbers represent the sum of squared error, normalized to
the number of points present in the registration.

The augmentation improvement represents the factor by which the sum of squared
error improves, when comparing the non-augmented and augmented bundle adjustment. A
single optimization, as shown in Table 4.1, is the Levenberg-Marquardt algorithm running
on a single sliding window, so for a single optimization, 3£ + M texel images are used in
processing, and L texel images are saved as the maximum likelihood estimate after each
optimization.

The results presented are normalized to the number of points inside each bundle ad-
justment. Table 4.1 shows, when testing the augmented bundle adjustment, the sum of
squared error is improved for every iteration except two, and thus, a greater amount of
errors are corrected to better fit the model based on the point projections. To verify that
the resulting TDSM is not fitting to an incorrect model, the TDSMs are compared in Figure
4.4 and Figure 4.5. Visually, the two resulting TDSMs with overlaid images are similar, and

both represent an improvement over the individual texel images with no error correction,
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Fig. 4.2: Set of texel images before processing. The discrepancies in the courtyard on the
right shows how the the uncorrected camera poses contain error.

Fig. 4.3: Point cloud of all texel images before processing. Axis aligned view. Variations in
the camera poses cause the different texel images to not be aligned to the same plane.
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from Figure 4.2.

The differences are more prominent when viewing the registered TDSM point clouds
aligned with the axis, Figure 4.6 and Figure 4.7. The improvements in both point clouds
can be seen clearly when compared with the original point clouds containing pose error, in
Figure 4.3. The surfaces are more closely aligned to a single plane, which can be seen on
the left side with the top of the two buildings. The differences between the non-augmented
and augmented TDSMs can also be seen in these point clouds. The non-augmented bundle
adjustment has a curve upwards, most noticeable on the surface of roofs, on the left side of
the image. In contrast, the roof in the augmented bundle adjustment is more flat; this is
because the overlapping texel images used in the registration help to correct for this error
and align the surfaces to a single plane.

Visually inspecting the above figures aligns with the results from the sum of squared
error distances in each bundle adjustment optimization, as the TDSM resulting from the
augmented algorithm shows an improvement when compared with the non-augmented al-
gorithm.

Results from another TDSM registration are presented in Table 4.2. This TDSM
corresponds to another set of 60 texel images in the data set. Each optimization had M=5
overlapping texel images to augment the matrix, and the same parameters as above, with

p=015 M=5, L =5

Optimization | Non-augmented | Augmented | Augmentation Improvement
1 0.00025 0.000422 1.553
2 0.00056 0.00066 1.168
3 0.0010 0.00064 0.604
4 0.0028 0.0036 1.275
5 0.0036 0.0682 18.82
6 0.16 0.3207 1.99
7 1.20 0.83 0.684

Table 4.2: Augmentation improvement for each optimization in bundle adjustment.

As Table 4.2 shows, by using the sum of squared error metric, the performance of



Fig. 4.4: TDSM registration using non-augmented bundle adjustment.

Fig. 4.5: TDSM registration using augmented bundle adjustment.
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Fig. 4.6: Point cloud after TDSM registration using non-augmented bundle adjustment.
Errors in the initial camera poses cause curvature in the registered TDSM.

Fig. 4.7: Point cloud after TDSM registration using augmented bundle adjustment. The
points and camera poses are corrected to be more closely aligned to a single plane, which
better matches the true terrain representation.
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the augmented bundle adjustment is better in most iterations, significantly better in some
iterations, and never significantly worse. A comparison for both registered TDSMs is shown
in Figure 4.8 and Figure 4.9, for the non-augmented and augmented TDSM registrations,
respectively.

Both represent an improvement over the texel images without any error correction
applied. However, there are some differences visible between the TDSMs, such as the
sidewalk on the right hand side of the figure, and the top of the building on the left side
of the figure. In these places, the augmented bundle adjustment better corrects for error
and aligns closer to the expected terrain. The additional data used helps the Levenberg-
Marquardt algorithm find a better maximum likelihood estimate of the poses. In addition,
the point cloud is noticeably different between each, shown in Figure 4.10.

The axes are aligned to the ENU coordinate system in Figure 4.10, with north-south on
the vertical axis, and east-west on the horizontal axis. For this terrain, from referencing the
known flight pattern from the sUAV previously shown in Figure 4.1, the true representation
of the terrain is with the building aligned north-south.

Using non-augmented bundle adjustment, the reconstructed TDSM, shown in Figure
4.10(a), is misaligned with the true representation. The most noticeable example of this
can be seen in the corners of the building toward the center of the figure, which do not
align to a single edge and cause sharp edges after triangulation is done on the TDSM.
Another example can be seen in the sidewalk on the upper right side of the figure, which
is not aligned to a straight line. This happens due to the limited sliding window used in
choosing the texel images in bundle adjustment. However, when overlap frames are used in
the augmented case, shown in Figure 4.10(b), the additional data helps to align the data
to the true representation in the world coordinate system.

In both of the TDSM registrations presented in this thesis, different p values were
tested. For a lower p, no change was found. At p = 0.15 a sufficient number of texel images
were found to meet the M parameter, and the overlapping texel images are sorted according

to highest overlap, so a lower value chosen for p does not include any different texel images
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Fig. 4.8: TDSM registration using non-augmented bundle adjustment. Some discrepancies
are noticeable in the edges of the building in the center, and on the sidewalk to the right.

Fig. 4.9: TDSM registration using augmented bundle adjustment. The discrepancies seen
in the non-augmented TDSM registration are better corrected for.
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(a) Non-augmented. (b) Augmented.

Fig. 4.10: Registered point clouds using non-augmented and augmented bundle adjustment.
The point clouds are aligned in the ENU coordinate system. When compared with the non-
augmented bundle adjustment, the augmented registration is closely aligned north-south,
which better matches the true flight path.

in the augmented bundle adjustment. It was found, for both TDSM registrations presented,
increasing p had no effect until p >= 0.40, in which case no overlapping texel images met
the minimum p and performance was identical to the non-augmented streaming bundle
adjustment.

Because M defines the limit of how many additional texel images are potentially added
to the bundle adjustment, it also defines the computational and memory increase. The
computational differences are analyzed in Section 4.3. An unrestricted M, meaning that
there is no limit to the number of overlapping swaths added to the bundle adjustment, is
not recommended. Unless the flight pattern is verified to not have any areas that have a
very large number of overlapping texel images, it may add far more overlapping texel images
than sliding window texel images, making the program infeasible to run.

Similarly, a very low p parameter is not recommended. The convex hull checked is the
union of all texel images within the sliding window, which may consist of a large number of

texel images and thus, a wide area of terrain to check for overlap. Setting the p parameter
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to very low will cause texel images with minimal overlap with the sliding window of terrain
to be added in the overlap algorithm. If there is minimal overlap there is a high likelihood
that an accurate homography will not be found before creating the projection matrix, so in
any case the texel images will get thrown out and not affect the final registration. This still
requires loading the texel images, extracting the data from disk, and performing feature
detection on the EO images, so if the texel images are discarded before bundle adjustment,
the algorithm runs significantly slower for no change or benefit in the final registration. For
this reason, setting p to be equal to or greater than 0.10 is recommended.

TDSM registrations from sections of the entire flight were tested. When there were at
least M = L overlapping texel images in each bundle adjustment, the results are consistent
with the results presented in this section in that a greater improvement in error was no-
ticed. Due to the flight pattern, there were some sections in the data for which there were
no overlapping swaths; in such cases, performance was identical to the streaming bundle
adjustment. For implementation and use of this algorithm, a consideration for future data
acquisition flights is to determine a flight pattern such that each texel image has at least
one non-adjacent texel image which meets the minimum p.

In testing, it was found that p = 0.10 is the minimum value to find a useful amount
of point projections. With a higher overlap, there are more point projections visible in
neighboring texel images and thus, more data points which help the bundle adjustment
correct for errors. For capturing future data sets, a flight pattern that has a minimum

overlap of p = 0.20 is recommended to increase the accuracy of this algorithm.

4.3 Computation Time

As the primary motivation and focus of this research is in utilizing low-cost hardware
in TDSM registration, the feasibility of running this algorithm on commonly available hard-
ware is considered. The two metrics to measure the difference in the algorithm are the total
runtime and memory usage, which are both compared to the streaming bundle adjustment
to measure its effectiveness. This section contains experimental results. Section 3.3 has an

explanation of the theoretical computational increases.
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The first step is to pre-compute the convex hull for each texel image in the data set.
Loading the entire set of texel images to compute the convex hulls is not required in the non-
augmented streaming bundle adjustment, so any increase in this step is strictly additional
time for the overlap algorithm. The computation from this comes mainly from loading the
compressed data from memory and extracting it; this results in the bottleneck being the
hard drive read and write speed. The hardware used to test this algorithm is a Samsung
850 EVO 500GB SSD. In testing, the SSD had an average read/write speed of 80MB /s and
130MB/s, respectively. This step was tested with different sizes of texel images to test the

performance on large sets of data. The results for memory usage and runtime are shown in

Table (4.3).
Texel Images | Memory (Mb) | Runtime (seconds) | Time per image (seconds)
240 309 71.8 0.29
480 390 196.8 0.41
1200 446 624.1 0.52
2400 414 1168.1 0.49

Table 4.3: Runtime and memory usage for extracting texel images and computing convex
hulls.

The jump in time per image between 240 and 480 texel images is due to hard drive
read/write speed. At 480 texel images, the hard drive bottleneck is reached and the hard
drive consistently has 100% read/write usage when the algorithm is running. Before this
bottleneck, CPU multithreading is the limiting factor, so there is a lower time per image
when using 240 texel images. From 480 texel images onward, memory usage and time per
texel image remains constant when more texel images are added to the algorithm.

The additional time in this step is a strict increase over the non-augmented streaming
algorithm. However, generating the convex hulls is only required to be done once for each

data set. If this remains a bottleneck in future work, a potential area of increase would be
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saving the convex hulls when generating the texel images from the raw data. This would
skip the step of loading and extracting each texel image from the compressed data stored
on the hard drive.

The other computational increases come from loading overlapping texel images and
performing the Levenberg-Marquardt algorithm with larger matrices. To test this, the
TDSM registration algorithm was run on the same set of texel images using the streaming
bundle adjustment and the augmented streaming bundle adjustment with overlapping texel
images. The algorithm was tested on a desktop computer running Windows 10 Enterprises
with an AMD Ryzen 7 1700 processor, an NVIDIA GeForce GTX 1050, and 24 GB of
RAM. Optimizations to use the GPU via NVIDIA’s CUDA toolkit were used within the
algorithm.

The TDSM registration was tested on the same set of 60 texel images, with £ = 7,
and the M parameter is adjusted to view the impact that the overlap algorithm has on the

total runtime. The results for each are compared in Table 4.4.

M | Memory (Gb) | Total Runtime (seconds)
0 4.1 396.9
3 5.2 664.9
) 5.6 901.0
7 6.1 1280.3

Table 4.4: Runtimes and memory usage for TDSM registration with varying M.

The M = 0 row in Table 4.4 is identical to the non-augmented algorithm, which the
performance of the augmented algorithm can be compared to.

A very high M may be infeasible depending on the flight pattern, if there are a large
amount of overlapping texel images which the hardware is unable to store in memory;
the parameter was M was tested less than or equal to £ for optimal results in the final
registration.

The results presented in Table 4.4 show that the maximum overlap images parameter

M has a large impact on the runtime. This occurs because adding overlap images requires
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each sliding window to check memory to see if the texel image currently has data in memory,
and if not, load and extract the data for the corresponding texel image from where it is
saved on disk. For each overlap image, the homographies need to be found, both to the
sliding window image which has shares the highest overlap with it, and also checking if
a homography exists for each other overlap image in the optimization. This results in a
large slowdown when a higher M is used. A potential optimization that could reduce this
bottleneck, which was not implemented in this research, is to keep more overlapping texel
images in memory than are strictly necessary. For example, keeping the last several texel
images used in memory, even if they are not required in the current iteration. Although
this would increase the memory requirements, it eliminates the time needed to load and
extract the data for the overlapping texel images from the hard drive.

Adding more overlap swaths also results in a slowdown for the Levenberg-Marquardt
algorithm. Although the matrix is still dense, and dense solving techniques can be used for
the matrix equations, the computations for solving the matrices take longer. This can be
adjusted by using another parameter developed as part of the original bundle adjustment
algorithm, which is the maximum number of iterations inside the Levenberg-Marquardt
algorithm. Setting the number of Levenberg-Marquardt iterations to be lower reduces the

likelihood of finding a lower total error, but also reduces the computations required.



CHAPTER 5

Conclusion

The streaming bundle adjustment makes creating a single TDSM from large amounts
of texel images feasible by limiting the maximum amount of data which is processed at
once. The developments presented in this document build upon that research to correct
for one of the weaknesses in streaming bundle adjustment, which is that only time-adjacent
texel images are used in bundle adjustment.

The research presented in this document shows that texel images from the entire data
set, instead of only neighboring texel images, can be used to improve the registered TDSMs.
The development of efficient overlap estimation methods and an augmented bundle adjust-
ment algorithm using the estimated terrain overlap better corrects for accumulated errors
between texel images captured from different times in the flight. Testing on real-world data
acquired from a sUAV shows that the resulting TDSMs are more accurate and contain less
error when using the augmented bundle adjustment, when compared to the non-augmented
bundle adjustment.

There are many avenues which future research would be able to build upon the advance-
ments presented here. The resulting TDSMs show improvements in addressing the error
accumulation over time in the loop-closing problem, so that sections of the flight which are
far apart in time are accurately registered to each other in a single TDSM. This can be
applied to a much larger set of texel images in a single registration. This research focused
on a relatively small section of texel images; the typical test set used in this document was
60 texel images, which represents around 12 seconds of acquired data from a sUAV flight.
The full flight, which was eight minutes in the data set used here, can use the optimiza-
tions presented here to register into a single TDSM that is much closer to the true terrain

representation.
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The research here still assumes that the texel images within the sliding window are con-
secutive in time. One direction for improving upon this research would be to remove any
assumption about the order of given texel images, and optimally partition them into regis-
tration iterations for the highest overlap which can then be corrected in bundle adjustment.
This would remove the assumption that the data is arranged according to neighboring texel
images and allow for greater flexibility in data acquisition, e.g. using texel images acquired
from many sUAV’s capturing the same area of terrain.

Another method would be adapting this algorithm to run in real-time. In this research
the assumption was made that the entire data set from the flight is available at the time
of post-processing. Improving on this, such as streaming data from the sUAV to a ground
station for registering a TDSM while data is being acquired, would require adapting the
algorithm to compute convex hulls and calculate the optimal overlap while texel images
are being constantly added to the data set. This could be used in applications where it is
important to have an accurate TDSM immediately after the flight, instead of waiting for
post-processing to complete.

The augmented bundle adjustment algorithm maintains the advantages of the stream-
ing bundle adjustment by being optimized and efficient, capable of processing large amounts
of data on low-cost hardware. The augmented bundle adjustment is still fast and uses a

limited amount of memory, and results in TDSMs which have better error correction.
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