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ABSTRACT

This project evaluated the applicability of two different Point Cloud
Registration (PCR) methods to the problem of multitemporal
orchard orthomosaic registration. Each orthomosaic has an
associated set of feature detections, in the form of bounding
polygons over individual tree canopies. The goal of this project was
to determine whether PCR could use these detections to accurately
register two orthomosaic maps of the same orchard, taken at
different times. PCR refers to the alignment of two separate point
sets, where the source point cloud is transformed to overlay the
reference cloud. This problem is transformed into a PCR problem
through using the centroids of each images’ tree detections as the
input source clouds to a PCR method. Two different rigid PCR
methods were implemented for this purpose. The first is Iterative
Closest Point (ICP), this algorithm turns the problem of PCR into
an optimization problem in which rigid registration parameters are
estimated with the goal of reducing the distance between matched
point pairs iteratively. The second is a newer, probabilistic
approach to PCR, called Coherent Point Drift (CPD), where the
source point cloud is modelled as a Guassian Mixture Model
(GMM) and the reference point cloud as observations from that

GMM. Registration parameters are estimated that maximize the
probability that the data points in the reference cloud belong to the
GMM. Both methods had their resulting registration accuracy
levels tested over a wide range of rigid deformations on the input
data. It was shown that CPD outperformed ICP in registration
accuracy in all cases and produced results to an acceptable degree
of accuracy, meeting the aim of this project in the case of rigid
deformation of the input data. Additionally, CPD was shown to be
more robust to unforeseen deformations in the input dataset, such
as the addition of outlier/noise and the removal of low confidence
detections. ICP was not capable of providing an acceptable level of
registration accuracy.

KEYWORDS

Image Registration, Point Cloud Registration, Iterative Closest
point, Coherent Point Drift

1 Introduction

Precision Agriculture (PA) is a modern farming management
concept based on observing, measuring and responding to inter and
intra-field variability in crops. The goal of which is to maximise

Figure 1: Multi-temporal orthomosaic maps of an orchard (top) and their corresponding feature detections (bottom).



crop yield while minimising resource expenditure [1], [2], [3]. The
advancement and use of Unmanned Aerial Vehicles (UAV) are a
driving force behind the viability of current PA practices. This is
due to their ability to take high resolution images of farmland on
demand in a cost-effective manner [3]. These images are
subsequently processed, aligned and stitched together to form
orthomosaic maps over a large stretch of farmland. An orthomosaic
is a high-resolution geometrically corrected aerial image,
composed of many individual still images being stitched together
[4]. These orthomosaics are key inputs to agricultural analysis
applications for PA.

Aerobotics [6], a stakeholder in this project, is a South African
company the PA sector. They provide agricultural trend analysis
for farmers using multi-temporal orthomnosaic maps of orchards as
input. A core functionality of their product is the ability to compare
changes in tree performance (on an individual tree-level) over time.
For this to be possible, it is critical that the input orthomosaics are
correctly registered. Image registration is the process of correctly
overlaying two or more images of the same scene [5]. The images
could be taken from different angles, sensors or times. These
orthomosaic maps are tagged with GPS data by the drone when the
pictures are taken. Due to the inherent error in this tagging, the
maps are slightly misalingned between dates. They currently use a
semi-automated approach to register these maps, where successive
surveys (orthomosaic maps) are registered with previously
processed datasets using a human-in-the-loop approach. This
reliance on manual intervention in the registration process creates
limitations in the scalability of their orchard trend analysis system.
The automation of this registration process is the crux of this
project.

The detection and matching of salient features in the input images
is a common approach to image registration [5]. Aerobotics have
developed a robust feature extractor for this purpose, a tree instance
segmentation model. This produces a bounding polygon around
individual tree canopies on the map, with an associated confidence
level regarding the accuracy of the detection (See figure 1). The
main aim of this project is to use these tree detections as inputs to
a feature-based method that automatically registers the input
orthomosaics. The method must correctly overlay the newer
othomosaic on to the older one, enabling per-tree agricultural trend
analysis. A key requirement of traditional feature-based registration
methods is the use of invariant features as inputs to be matched
between images. These correspondences are then used to estimate
image transformation parameters to overlay the source image on
the reference [5]. The use of tree detections as inputs to traditional
feature-based registration methods breaks the invariance
requirement as trees are inherently temporally unstable. They are
subject to grow, wither or die over time and as such their
corresponding  detections change. Therefore, alternative
registration methods using these features need to be explored. This
project aims to evaluate the use of Point Cloud Registration (PCR)
methods for this problem.

PCR is the process of estimating the transformation parameters that
align two input point clouds [7]. The problem of tree-feature based

registration can be converted to a PCR problem using the centroids
of individual polygon detections as points, making up each of the
input point clouds. The applicability of two rigid PCR methods to
this problem will be tested. The first is Iterative Closest Point (ICP).
ICP is a classic and simple approach to PCR [8]. ICP transforms
the problem of image alignment into an optimization problem. It
involves the estimation of transformation parameters to minimize
an error metric (i.e., distance between corresponding points) in
iterations. Points between the input point clouds are matched based
on closest proximity. However, traditional ICP is very sensitive to
the presence of outliers in the dataset (points with no
correspondence in the opposite point cloud) and tends to fall into
local minima, preventing accurate registrations of complex data [9].
Therefore, a second method will also be considered as a possible
solution. The Coherent Point Drift (CPD) algorithm is a more
recent approach to PCR, presented in 2010 by Andriy Myronenko
and Xubo Song [10]. Unlike ICP, CPD makes use of a probabilistic
approach to estimate registration transformation parameters. Points
in the source cloud are modelled as centroids of a Guassian Mixture
Model (GMM) and points in the reference cloud as observations of
the GMM. Transformation parameters that maximize the posterior
probability that the GMM observations belong to the GMM are
estimated iteratively, producing an accurate registration. This
probabilistic approach has been shown to mitigate the adverse
effect of outliers on registration accuracy. Both these methods will
be explained. They will be tested using real feature detections
provided by Aerobotics. Factors such as registration accuracy,
computation time and robustness will be recorded and compared.
From this, conclusions will be drawn over their applicability to the
problem domain.

2 Related Work

In this section, registration techniques related to the two algorithms
being evaluated will be reviewed. As this project requires the
registration of images using detected features (i.e., tree polygons),
relevant feature-based registration methods will be briefly
reviewed. Followed by a review on other PCR methods, related to
the chosen two for this project.

Feature-based registration methods: Feature based registration
methods make use of the extraction, matching and subsequent
aligning of salient features between the two input images [19]. The
salient features that would be used in this case are the tree instance
polygons (Figure 1). These methods match features based on the
correspondence of their descriptions (i.e., the level of similarity
between the tree polygons in this case) [5], [20]. Established and
widely used feature-based registration methods include the Scale
Invariant Feature Transform method (SIFT) [20], [21], and it’s
newer and faster variation, Speeded Up Robust Feature method
(SURF) [20], [22]. A key requirement for these methods to be
successful is that the feature descriptors remain invariant over time
[5]. This is not possible in this case as the shape of the tree canopies
being detected are inherently temporally unstable and prone to
change over time. Therefore, other approaches to registration must
be considered in this project.



Point Cloud Registration methods.: The goal of PCR methods is to
align two separate point sets so that the source point set is
transformed to accurately overlay the reference point set [7]. This
is done through finding corresponding points in the input point
clouds and estimating transformation parameters to accurately
overlay these matched points. PCR methods are generally divided
in to 2 categories, rigid point set registration algorithms and non-
rigid registration algorithms [7], [10], [16]. Rigid PCR algorithms
estimate rigid transformation parameters to register the point sets,
these being transformations that preserve the distance between all
point pairs in the cloud (i.e., rotation and translation). Non-rigid
PCR methods don’t have this restriction. This project will only test
rigid PCR algorithms on the provided input data. ICP, one of the
algorithms being implemented, is the most popular rigid PCR
method due to its simplicity and low computational complexity
[10]. The ICP method being implemented will be further explained
below. Traditional ICP is shown to fail if the input source clouds
are not adequately close or there are a significant proportion of
outliers in the dataset [9], [10]. Therefore, many probabilistic rigid
PCR methods have been developed to overcome these ICP
limitations [23], [24]. These methods assign a soft correspondence
between all combinations of possible matched pairs of points
between the input clouds, according to some probability. As
opposed to the hard correspondences assigned based on closest
distance in ICP. An example of this type of probabilistic method is
Robust Point Matching (RPM) [25] and it’s later variants [26].
Another class of probabilistic PCR methods include methods that
model the source cloud as centroids of a Guassian Mixture Model
(GMM), and the reference cloud as observations from that GMM,
of which CPD [10] is one. Several rigid PCR methods, including
[27], [28], [29], formulate point cloud registration as a maximum
likelihood estimation problem. The GMM centroids are
transformed with estimated rigid parameters to maximize the
likelihood that the datapoints in the reference point cloud are
observations of that GMM. These GMM-based algorithms are
generalized as Expectation-Maximization (EM) algorithms as they
follow the following two basic steps iteratively: The Expectation
step consists of determining the probability that the points in the
reference cloud are observations of the GMM. The subsequent
Maximization step estimates rigid transformation parameters to
maximize this probability [29]. These steps are repeated iteratively
until convergence in the estimation of registration parameters.
These probabilistic methods perform better than ICP, especially in
the presence of outliers. CPD was selected for this project, over
these other probabilistic methods, due to it’s status as a state-of-
the-art method, with high rates of accuracy, for both rigid and non-
rigid registration [17].

3 Methodology

This orthomosaic registration problem will be transformed in to a
PCR problem, with two different methods being implemented as
possible solutions. The results produced by each method will be
compared and their applicability to the problem evaluated.

3.1 ICP Algorithm Overview

The traditional ICP algorithm involves estimating rigid
transformation parameters (rotation and translation) to transform a
source point cloud on to a reference point cloud iteratively. With
the goal of each iteration being to minimize an error metric, being
the Euclidean distance between closest point pairs of the two-point
clouds.

The ICP algorithm follows the following basic steps [9]:

1. For two sets of points M and S, corresponding to the
reference and source point clouds, calculate the nearest
point in set M for every point in set S.

2. Compute the rotation matrix R and translation vector t
using the least squared method for distance minimization
and Singular Value Decomposition (SVD). Equations 1
to 8.

3. Transformset Y by the Rand t.

4. Compute the error E between the transformed set and the
reference point sets. Equation 9.

5. Repeat in iterations until convergence in error reduction.

Once the corresponding points in step one are known, the
transformations in point 2 are calculated using SVD. SVD
computation requires centroid alignment and is calculated as
follows [9]:

N i=1 . (1)
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Next, we align the points in M and S using their centroid:
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Using these values, we compute the covariance matrix H:

H=MS" ©)
Then compute the SVD as:
H=UAVT (6)

The R and t are calculated as follows:
R=VUT (7
t=Cy— RCy (3)

After R and t have been calculated in the iteration, the error of the
transformation must be determined:
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Where w is the weight of corresponding points. If point m; is the
closest point to the transformed point it’s set to 1, else it is 0. This
ensures only closest point pairs are used to determine error.

This process repeats until convergence in error reduction or
transformation parameter estimation.

K-d Tree for Nearest Neighbor Search:

The most computationally intensive operation in an iteration of the
ICP algorithm is the nearest neighbor search, where the nearest
point in the reference point cloud for every point in the source cloud
is found. A brute force search would be an O(N?). This can
drastically affect the computation time of an ICP registration. An
alternative to this brute force search is to use a data structure called
a k-d tree.

™
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Figure 2: Building a 2-D k-d tree (left) and a binary
representation of a k-d tree (right)

A k-d tree is a way of storing points of k-dimensions in a Binary
Search Tree. It’s a powerful tool for nearest neighbor searches,
boasting an O(logN) computational complexity for a nearest point
search [12]. The k-d tree will be used to maximise the
computational efficiency of the implemented ICP algorithm. It has
been shown to decrease the computation time of an ICP algorithm
up to 10 times [30].

3.2 Coherent Point Drift (CPD) Algorithm

CPD is a newer PCR algorithm. It was introduced as a way to
accurately register point clouds despite the presence non-rigid
deformations, noise and outliers in the dataset. Traditional PCR
methods, like ICP, are known to fail when these adverse conditions
are present in the input data [10]. CPD counters this through using
a probabilistic approach to registration. Unlike ICP, where
registration is modelled as a distance error minimization problem,
CPD considers the alignment of point clouds as a probability
density estimation problem. The source point cloud is modelled as
a Guassian Mixture Model (GMM). A GMM is defined as a
weighted sum of individual Guassian components [11]. They are
used to represent a fixed number of normally distributed
subpopulations within an overall population. Each point in the
source point cloud is modelled as a centroid of an individual
normally distributed Guassian component within the GMM. The
reference point cloud points are modelled as observations from that
GMM. Transformation parameters are estimated to maximize the

likelihood that the data points (reference) belong to the GMM
iteratively. The GMM centroids move coherently in accordance to
these transformation parameters to preserve the topological
structure of the source cloud. Unlike ICP, where point
correspondence is definite and based on Euclidean distance, CPD
provides a soft correspondence of points based on probabilities
instead of distance. Each point in the reference cloud has a
probability that it corresponds to each individual point in the source
cloud which are modelled as individual normal distributions in the
GMM. This probabilistic approach to point correspondence lessens
the potential impact of outliers and noise on overall registration
accuracy. Registration transformation parameters are calculated to
maximize the overall probability that the reference data points
belong to the GMM, aligning them. Whereas in ICP the
transformation parameters are calculated based on potentially false
point correspondences due to outliers [9]. Another key feature of
the CPD algorithm is it’s ability to register point sets with non-rigid
deformations, unlike ICP. CPD registers point sets using an
Expectation-Maximization algorithm (EM) in which the
probability that the reference data points belong to the source GMM
is calculated, and then transformation parameters to maximize this
probability are calculated in iterations until convergence. The steps
of the CPD algorithm will be provided below, in the case of rigid
transformations in order to be compared with ICP.

CPD steps for Rigid Point Set Registration [10]:

Rigid point set registration algorithm:
o Initialization: R =Lt=0,s=1,0<w =<1
2 N A 2
0" = BRI Lin=1 Lm=1 [[Xn = ¥m|
« EM optimization, repeat until convergence:
s E-step: Compute P,
M ep Thrllen—tamyp +eill™ o avn S
s M-step: Solve for R, s t, 0%
- Np =17 1*1__frx ; =X PUL iy
X=X-1pl, Y=Y - 1],
- A = X"PTY, compute SVD of A = USSVT,
R =U0VT where C = dil, .. 1. det{UVTY)),
||:.|‘I.""FL|
(YT 4iP1)Y )"
b=y — =Ry,
o = g (tr(XT 4(PT1)X) - str(ATR)).
s The aligned point set is T(Y) = sYRT 4 17,
& The probability of correspondence is given by P.
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Figure 3: CPD rigid registration algorithm [10]
Notation explained:
e D: Dimension of Point Set (2-dimensional in this case)
e N, M: Number of points in each set.

e  Xnxp: Reference point set (the data point observations of
the GMM)

e Ywmxp: Source point set (individual GMM centroids)



e T(Y, 0) - Transformation T applied to Y, where 0 is a set
of the transformation parameters (translation, scaling and
rotation)

e R:Rotation Matrix (D x D)
e t: Translation vector (size D)
e  s: Scaling parameter (float)
e [ Identity matrix

. 1: Column vector of 1’s

e  d(v): Diagonal Matrix formed from vector v

In the initialization step, the initial error metric of alignment
between the two clouds is calculated. This is variance of the
reference data points (X) belonging to the GMM (created by
modelling source points Y as GMM centroids). If the clouds were
perfectly aligned, with no outliers, this value would be 0. The goal
of subsequent stages of the algorithm are to reduce this metric via
Expectation and Maximization (EM) steps. In the Expectation step,
the probability of cloud alignment is calculated. The goal of the
subsequent Maximization step is to calculate new transformation
parameters to maximize this probability of alignment. The GMM
centroids are then transformed according to these estimations and a
new variance error metric is calculated. This is done in iterations
until convergence i.e., the reduction in variance falls below a given
threshold. The final CPD aligned point set will be given through
transforming the source point cloud with the final estimated
transformation parameters.

4 Algorithm Implementation and Evaluation

In order to assess the applicability of each PCR algorithm, they both
have to be implemented in a software system and have their
registration accuracy evaluated using the input data from
Aerobotics.

4.1 Input Data

The input data to this project was provided by Aerobotics. It
consists of data pertaining to three separate orchards. Each orchard
has data corresponding to two separate surveys of that orchard: a
specific point in time at which a drone captures imagery of the
orchard. Each survey contains the tree feature detections (in the
form of bounding polygons) of the orchard at that date, as seen in
Figure 1. These features are provided in the form of polygon shapes
in geojson format. It’s important to note that the feature detections
of the 2 different dates provided came pre-registered by
Aerobotics’ current human-in-the-loop system. As such they
already are accurately overlayed, according to a human observer.
The aim of this project is to accurately overlay one survey (the later
one) over another with PCR. However, PCR requires two point
clouds as input, a reference cloud and a source cloud. The source
is the cloud that will be transformed to be overlayed on the
reference. In the context of this project, the source cloud will
correspond to the survey taken at the later date of the two. The

centroids of the input tree segment polygons will be used as the
input point clouds. The use of centroids as opposed to full polygons
as features for registration is more likely to result in accurate
registration. This is due to them having a relatively less significant
rate of change over time. The temporally unstable nature of tree
canopies makes the use of whole tree polygon correspondence
between surveys unwise. Tree shapes can change over time,
resulting in false matches that potentially invalidate the registration
process.

The data is pre-processed as follows:
1. Centroids of each polygon is calculated.

2. The coordinate of each centroid is projected from a
Geographic Coordinate System to a simpler 2D pixel
coordinate system to avoid complexity and floating point
errors in calculations. This is done by scaling the points
up by a factor of 100 000 and translating them closer to
the origin with the same transformation.

Figure 5: Orchard 2 Input Point Clouds
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Figure 6: Orchard 3 Input Point Clouds

The result of the preprocessing is shown in Figures 4-6. The
detections corresponding to the survey at the earlier date is
modelled as the reference point cloud (blue points). The detections
of the later survey are modelled as the source point cloud (red
points), they overlay the reference points and will be misregistered
and subsequently registered via each algorithm during the
evaluation process. Orchards 2 and 3 follow a relatively strict row-
like planting pattern. Whereas orchard 1 follows a less structured
planting pattern, with more random dispersion of tree detections.
This contrast in tree planting patterns will test each algorithm’s
robustness to varying types of orchards as input data.

In addition to a bounding polygon, each detection has a
corresponding confidence level. This was produced by Aerobotics’
tree instance segmentation model, or feature extractor, and
indicates the confidence that the associated polygon is a true
detection of a real tree.

Survey | Min Median | Max | Mean | Std. Number

Dev. | of
Points

Orchard 1

1 0.050 | 0.955 0.998 | 0.726 | 0.356 | 137

2 0.050 | 0.771 0.998 | 0.631 | 0.361 | 160

Orchard 2

1 0.051 | 0.665 0.981 | 0.659 | 0.104 | 1891

2 0.051 | 0.674 0.949 | 0.658 | 0.093 | 2332

Orchard 3

1 0.051 | 0.985 0.999 | 0.919 | 0.219 | 1154

2 0.051 | 0.987 0.999 | 0.920 | 0.216 | 1152

Table 1: Five Number Summary of Input Data Confidence
Levels

As shown in table 1, the input data contains features with a wide
range of confidence levels. Orchards 1 and 2 have relatively low
average confidence levels, compared to 3. Features with low
confidence levels are more likely to be outliers as it’s unlikely they
correspond to real trees that will be picked up in the other survey.
Therefore, orchards 1 and 2 appear to have relatively more outliers
than 3. Thus, a registration method with fixed feature
correspondences, like ICP, is unlikely to provide an accurate
registration in orchards 1 and 2. This is due to the increased
likelihood of false point matches with outliers between the clouds.

4.2 Evaluation

Each registration method must be tested on the input data in order
to determine their applicability to the problem posed by the project:
Can a PCR method accurately register successive orthomosaic
surveys using tree feature detections? Each method will be
evaluated based on three factors: Registration accuracy,
computation time and robustness.

4.2.1 Rigid registration accuracy

The registration accuracy of each method will be recorded after the
following rigid deformations are applied to the input source point
cloud:

e Rotation: The source point cloud will undergo varying
degrees of rotational deformations (from 5 to 90 degrees)

Figure 7: Orchard 2 with 45 (top) and 90 (bottom) degree
rotational deformations

e Translation: The source point cloud will undergo
varying levels of translational deformations. The source
cloud will be increasingly translated based on the cloud’s
respective height and width. The translation vector will



be <percent*width, percent*height>, with percent values
ranging from 0.1 to 1.

Figure 8: Orchard 2 with 50 (top) and 100 (bottom)
percent translational deformations

Rotation and Translation: The source point cloud will
undergo a full rigid deformation with a 45 degree
rotation and a translation vector of

<0.5*width, 0.5*height>.

Figure 9: Orchard 2 with a combined rotational and
translational deformation

4.2.2 Computation time

To evaluate the difference in computational complexity of each
method, each of the accuracy tests in 4.2.1 will have the total
computation time of the registration recorded in seconds.

4.2.3 Robustness

The robustness of each method to unexpected image distortions
will be evaluated in the following ways:

Section removal: Entire sections of the source point
cloud will be removed before registering the clouds. This
will model the cases where entire sections of trees were

destroyed or omitted from capture by the drone during
orthomosaic generation. This will be simulated through
removing a quadrant of points in the cloud. Registration
will then occur using the combined rotational and
translation deformation parameters from 4.2.1 and the
resulting accuracy will be recorded.

y 4

Figure 10: Orchard 2 with a rigid deformation and
missing quadrant

Point removal by confidence level: Each algorithm’s
robustness to missing points will be evaluated. Points
will be removed based on their confidence levels. Low
confidence detections are more likely to be false
detections and outliers, and thus are unlikely to be present
in subsequent surveys of that orchard. All accuracy tests
until now have used all detections regardless of
confidence level. This test will remove detections based
on their confidence level, increasing the threshold in 10%
intervals, with any points having a confidence level lower
than the threshold being removed. Registration will occur
(using the deformation parameters from 4.2.1) with the
filtered input data, and the results will indicate each
algorithm’s robustness to missing low-confidence points.
This test will also show whether the removal of low
confidence points has any positive affect on registration
accuracy.

Figure 11: Orchard 2 with a 0.7 confidence level
threshold and rigid deformation

Noise: Each algorithm’s robustness to additional outliers
will be evaluated. This test will model the cases of false
tree detections being produced by the feature extractor,
which don’t have a true counterpart in the previous
survey’s point cloud. Additional outliers will be added as



Guassian noise to the source dataset. For each point p in
the source cloud of size n, an additional point taken
randomly from a Guassian distribution of mean p and
variance 10 will be added. This means each dataset will
have a minimum of n outliers added to the source point
cloud. Registration will then occur using the combined
rotational and translation deformation parameters from
4.2.1 and the resulting accuracy will be recorded.

Figure 12: Orchard 2 with a rigid deformation and noise

4.3 Registration Error Metrics

The registration accuracy of each algorithm will be evaluated using
2 error metrics: Registration MSE and Human MSE.

4.3.1 Registration MSE

The error metric being used to determine the accuracy of a
registration will be the Mean Squared Error (MSE) of the distance
between closest point pairs in the transformed source and reference
point cloud. Where the transformed source cloud is the result of the
input source point cloud being transformed to align with the
reference by the registration method. Calculated as follows:

1
MSE =~ > G — yi)?
Where:

e nisthe number of points in the transformed source point
cloud

e x; isapointin transformed source point cloud

ey, is the closest point to x; in the reference point cloud
(nearest neighbour)

Note that it’s impossible for the MSE to be zero due to the presence
of outliers in the dataset i.e., there are some points in the source
cloud with no true counterpart in the reference and vice versa.
Therefore, in order to contextualize these MSE results, a Base MSE
will be calculated and compared to the registration MSE. This Base
MSE is the preexisting error between the pre-registered source and
reference point clouds, exactly as provided by Aerobotics. This
relates to the registration error of their current human-based
approach. Assuming the provided human registration result was the
optimal solution, this base MSE would indicate the inherent error
in the dataset due to outliers. And any differences in the
Registration MSE and Base MSE error would indicate the relative

registration accuracy levels of the human and PCR methods. This
metric will be referred to as ICP/CPD MSE in the tabulated results.

4.3.2 Human MSE

The accuracy of each registration method will also be compared to
the current human-based method at Aerobotics. This will be done
through calculating the MSE between the transformed source cloud
and the original, pre-registered source cloud provided by
Aerobotics. If these PCR results match the human registration
method exactly, a MSE value of 0 is possible as there are no outliers
between the same point set. This will give an indication of how
closely these methods compare to human-based approaches. This
metric will be referred to as ICP/CPD Human MSE in the tabulated
results.

4.3.1 Qualitative Evaluation

Note that the case when the calculated Registration MSE is lower
than the Base MSE does not necessarily mean that the PCR method
is more accurate than the human method. This reduction in MSE
could be due to the PCR method aligning more outliers together
than true detections. Therefore, an additional evaluation method
must be used to ensure the PCR method is registering the data as
expected. Additional qualitative evaluation will occur through
visual analysis of registration accuracy. The results of registration
will be plotted for examination and judgement. This will provide
visual confirmation that the method is registering the data
accurately. This is the same type of evaluation done by Aerobotics’
existing human registration method.

4.4 Software Implementation

The algorithms and their evaluation components were implemented
in Python 3 [13]. In order to ensure the integrity of their
implementation and avoid the possibility of unseen implementation
errors skewing any results, established libraries were used to
perform the registration. These libraries were all open source and
under the MIT license. The “PyCPD” [14] library was used for the
CPD implementation and the “ICP” [15] library was used for the
ICP implementation. The open repositories were cloned, and the
code was edited to meet the requirements for the evaluation of this
project.
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Figure 13: Class Diagram of Software System



Figure 13 shows the class diagram of the implemented software
system. The main class is the Tester, which uses the methods in the
other classes to evaluate the accuracy and robustness of each
algorithm. The Misregister class contains functionality to
misregister a given input cloud with given affine deformation
parameters. This is necessary as the input data is pre-registered and
thus has to be purposefully misregistered in order to evaluate the
accuracy of each algorithm. The Preprocess class provides the
functionality outlined in 3.1 and returns the projected centroids of
the tree detections for both surveys of an orchard. The Visualize
class is responsible for the visualization of the data and registration
through point plots. The Evaluation class contains methods to
determine the accuracy of a performed registration. The ICP
registration class contains the methods relating to the ICP
algorithm. The CPD Deformable and Rigid registration classes
inherit from the EM registration class and contain methods relating
to the CPD algorithm. These classes were taken and modified from
the PyCPD library [14].

4.5 Hardware Specifications
All tests are run on a machine with the following specifications:

e  Processor: Intel(R) Core (TM) i7-10700 CPU @
2.90GHz

e RAM: 16GB DDR4 3200MHz

5 Results and Discussion

The results of the evaluation methods outlined in section 4,
concerning both accuracy and robustness, are presented below for
analysis and discussion.

5.1 Rigid Registration Accuracy Results

The results for the registration accuracy evaluations concerning
rigid deformations are as follows:

5.1.1 Rotational Deformations
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Figure 14: Registration Accuracy Results for Orchards 1-3
with varying degrees of Rotational Deformations

In all 3 datasets, the error of the CPD algorithm is well below the
ICP error and as such is generally more accurate in cases of
individual rotational deformations, as seen in Figure 14. Studying
the graphs, it’s clear that the result of the CPD algorithm is
relatively more invariant to the degree of rotational deformation
applied to the input source cloud. The only time the CPD error
increases is in orchards 1 and 3 around a 90 degree rotation. This is
likely due to the algorithm flipping the source cloud the opposite
direction during the registration. This will likely not be an issue as
in general the rotational differences between surveys will not
exceed 30 degrees. For these reasons, it’s clear that the CPD



algorithm is the better choice for datasets with rotational
deformations under 90 degrees.

5.1.2 Translational Deformations
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Figure 15: Registration Accuracy Results for Orchards 1-3
with varying levels of Translational Deformations

Studying the graphs from Figure 15, one can conclude that the
result of a CPD registration is invariant to the degree of
translational deformation applied to the input source cloud. This is
to be expected as the first step of the rigid registration process for
CPD is to center the source cloud on the reference [10], rendering
itself robust to a large range of translational deformations. ICP, on
the other hand, produces varying levels of registration accuracy for
different levels of translational deformation. This is to be expected
as different sets of closest point pair correspondences will be made
based on the relative position of the 2 clouds. These different

correspondences will result in varying transformation parameters
being estimated, resulting in inconsistent levels of registration
accuracy over different translation deformations. For this reason,
and the fact that the CPD error results closely match the human
method’s Base MSE, it’s clear that the CPD algorithm is better
suited to datasets with translational deformations.

5.1.3 Full Rigid Deformations

Figure 16: Visual registration results for CPD (bottom) and
ICP (middle) on misregistered orchard 1 data (top)



Figure 17: Visual Registration results for CPD (bottom) and Figure 18: Visual registration results for CPD (bottom) and
ICP (middle) on misregistered orchard 2 data (top) ICP (middle) on misregistered orchard 3 data (top)

Orchard ICP CPD Base ICP CPD
MSE MSE MSE Human | Human
MSE MSE
1 8.33 5.02 5.05 6.54 0.06
2 1.37 0.14 0.19 1.32 0.16
3 9.32 0.14 0.15 9.13 0.01

Table 2: Registration accuracy results of each algorithm with
a rigid deformation

As seen in Figures 16-18, the CPD algorithm appears to be more
accurate than ICP through a visual examination. The result for
orchard 1 appears to be comparable, however this is likely due to
the fact that it has the least number of data points and as such ICP
is less likely to form incorrect point correspondences and therefore
will result in less error. The ICP results for orchards 2 and 3 are
visibly inaccurate. This is due to the well-known problem with ICP
registration called local minima convergence [12]. ICP works by



estimating transformation parameters that minimize an error metric
(average distance between closest point pairs). A round of ICP
registration only guarantees a local minimum in registration error
from that particular initialization point (initial position of the source
cloud). This is illustrated in the tests on translation deformation in
Figure 15, the resulting registration error from ICP differs based on
the starting point of the source cloud. It’s clear in Figures 17 and
18 that the ICP algorithm has fallen in to local minima traps and is
thus unable to accurately register the point clouds (or find the global
minima. CPD on the other hand appears to align the point clouds
such that the transformed source perfectly overlays the reference in
Figures 16-18. It seems to have found the global minimum in
registration error, unlike ICP. The results in table 2 support this
claim. The error results for CPD are far lower than that of ICP
consistently. They are even lower than that of the Base MSE (which
is the error of the human-based registration). This means either
CPD provides a more accurate registration than the previous human
based method, or it has aligned more outliers with points, resulting
in a lower MSE overall. The Human MSE results indicate how
close the algorithms came to the human registration. The CPD
human MSE errors are consistently lower than the ICP, indicating
it is closer to matching the human based approach. In the case of
orchard 3, it appears that the CPD method almost exactly matches
the human registration method with a Human MSE of 0.01. This is
likely explained by the fact that Orchard 3 has the highest overall
average detection confidence levels (Table 1), meaning there are
less outliers in the dataset that harm registration accuracy due to
false point correspondences.

For these reasons, it’s clear that the CPD algorithm outperforms
ICP in terms of registration accuracy for data with rigid
deformations. Note that the simulated deformations used for testing
here are far more severe than the real deformations encountered by
Aerobotics with the raw, unregistered input data. The real
deformations are caused by errors in the GPS tagging of the drone
capturing the images during orthomosaic generation and are thus
minor. These more significant deformations were used to test the
limits of each algorithm.

5.2 Computation Time Results

Orchard | ICP Time CPD ICP CPD
Time Iterations | Iterations
1 0.02 0.04 18 45
2 25 55.55 210 186
3 0.26 6.49 43 88

Table 3: Computation time of each algorithm in seconds for
the registration of the full rigid deformation in 5.1.3

As seen in Table 3, the increased registration accuracy provided by
the CPD comes at an equally significant increase in computation
time, relative to ICP. In most cases, the CPD algorithm has more
iterations than I1CP, except for orchard 2. However, orchard 2 also

has the most points of the three orchards. Therefore, it requires a
lot more computation for the CPD algorithm, explaining the higher
computation time. If orchard 2 represents an upper bound on the
size of the datasets processed by Aerobotics, then both algorithms
register the datasets faster than the current human method. With
CPD providing a sufficiently accurate registration, compared to the
human method, in a fraction of the time (the human method is
estimated to take an average of 5 minutes based on the training
videos provided by Aerobotics).

5.3 Robustness Results

The results of the methods evaluating the robustness of each
algorithm to unforeseen deformations, as outlined in section 4.2.3.
These were tested using the same rigid deformations used in section
5.1.3.

5.3.1 Section Removal:

ot

Figure 19: Visual registration results for CPD (bottom) and
ICP (middle) on misregistered orchard 1 data with missing
section (top)



y 4

/ e
Figure 20: Visual registration results for CPD (bottom) and Figure 21: Visual registration results for CPD (bottom) and
ICP (middle) on misregistered orchard 2 data with missing ICP (middle) on misregistered orchard 3 data with missing

section (top) section (top)

Orchard ICP CPD Base ICP CPD
MSE MSE MSE Human | Human
MSE MSE
1 6.28 196.55 5.11 4.34 659.64
2 2.67 21.31 0.20 214.29 222.49
3 4.26 4.17 0.15 23.35 19.96

Table 4: Registration accuracy results of each algorithm on
missing section data

Analyzing Figures 19-21, it’s clear that no method provides an
accurate registration on data with a missing section in the source
cloud. ICP comes close in orchard 1 but is clearly misaligned in
orchards 2 and 3. CPD displays even worse performance than ICP
in most cases, especially in orchard 1. This is because the CPD
algorithm estimates scaling transformation parameters as part of
it’s rigid registration parameters (see section 3.2). The relatively
large number of lost points in orchard 1 prompt the algorithm to
estimate significant scaling transformations during the registration
process, when no scaling deformations were performed on the input
data. This results in an extremely inaccurate registration, as evident
by the high error rates for CPD in Table 4. Both algorithms fail to



accurately register the data. This is evident by the fact that their
registration error levels are consistently above the Base MSE and
shown by their high Human MSE levels. Therefore, both ICP and
CPD are not robust to datasets with missing sections in one of the
input clouds.

5.3.2 Point removal by confidence level
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Figure 22: Registration accuracy results for orchards 1-3

Figure 22 shows the registration accuracy results of each algorithm
with input points above a certain confidence level threshold. This
tests the hypothetical case where these low confidence detections
were not picked up by the feature detector at all. This test aims to
evaluate each algorithms robustness to datasets with missing low
confidence detections. This was tested to the extreme, using a
threshold up to 90 percent (except in the case of orchard 2 as a 90

percent threshold didn’t provide enough input points to run any
algorithm). Analyzing the graphs, it’s clear that increasing the
confidence threshold has a minimal effect on registration accuracy.
ICP accuracy remains relatively constant over the confidence
thresholds, curiously becoming less accurate over the 20 percent
threshold in orchard 3. CPD remains relatively constant over
increasing thresholds too, with minimal perceived change in
orchards 2 and 3 and a reduction in error in orchard. It appears that
the removal of low confidence detections improves CPD
registration accuracy in orchard 1 (before the 0.8 threshold). Both
ICP and CPD have a sharp increase in orchard 2 around the 80
percent threshold. This is likely due to the removal of a large
number of true detections, resulting in too few points as input to
produce an accurate registration. Orchard 3 has the highest overall
mean confidence level of detections (over 90 percent), therefore the
increase in confidence level threshold would not remove nearly as
many points as in the other 2 orchards. This explains it’s relatively
constant level of registration accuracy. It’s unlikely that any
detections under a 50 percent confidence level would ever fail to be
detected by the feature extractor. Each method shows constant level
or even a reduction in registration error from thresholds 0.1 to 0.5
(except ICP in orchard 3 which has a slight increase). Therefore,
both algorithms are robust to cases where low confidence points are
missing from the input data, and in fact may show an increase in
registration accuracy in these cases.

5.3.3 Noise

Figure 23: Visual registration results for CPD (bottom) and
ICP (middle) on misregistered orchard 1 data with noise (top)



Figure 24: Visual registration results for CPD (bottom) and
ICP (middle) on misregistered orchard 2 data with noise (top)
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Figure 25: Visual registration results for CPD (bottom) and
ICP (middle) on misregistered orchard 3 data with noise (top)

Orchard ICP CPD Base ICP CPD
MSE MSE MSE Human | Human
MSE MSE
1 27.39 27.66 27.27 4.45 0.17
2 12.65 12.70 12.74 0.27 0.20
3 12.66 7.13 7.88 4.29 1.72

Table 5: Registration accuracy results of each algorithm on
data with noise

Figures 23-25 show the visual results of each registration method
being applied to datasets in which additional outliers have been
added using Guassian noise. This models the case where the feature
extractor makes erroneous false detections in later orchard surveys
or detects trees that are new or were missed in the previous survey.
The extreme case presented here, where half the points in the source
cloud are simulated outliers, is used to test the limits of each
algorithms’ robustness to noise/outliers.

Visually, analyzing Figures 23-25, it appears each method has
accurately registered the dataset. This is especially surprising in the
case of ICP, a method well known to be sensitive to noise and
outliers [8, 9, 12]. ICP appears to provide an accurate registration
in all cases, except orchard 3 where the source cloud appears to be



slightly misaligned to the right of the reference cloud. Analyzing
the results in Table 5, it’s clear that the ICP registration errors are
much closer the Base MSE levels than in Table 2, where the same
test occurred on data without the additional noise. ICP also presents
lower Human MSE levels with this dataset than the dataset without
the noise (in which the same rigid deformation was applied). This
shows that the ICP method performed better on the noisy dataset
than the original. Visually, the CPD results seem similar in
accuracy to ICP (except in the case of orchard 3 where CPD
displays a slight improvement in accuracy). Analyzing the error
results in Table 5, it’s shown that ICP provides a lower registration
error than CPD in orchards 1 and 2. At first glance this would
suggest ICP outperforming CPD on those datasets, however CPD
shows significantly lower Human MSE’s than ICP in those cases.
Meaning it’s closer to the human registration method and thus
likely more accurate as the human method has been visually
evaluated to be correct by a professional. CPD is shown to provide
a more accurate registration in the case of orchard 3, with a lower
registration and Human MSE, as expected after the visual
comparison. However, there is still a slight misalignment after the
CPD registration for orchard 3, as indicated by the relatively high
Human MSE metric (despite the Registration MSE being lower
than the Base MSE). This slight misalignment is visible in Figure
25. Unlike ICP, the registration accuracy of CPD results decreased
with this dataset. This can be seen in the increase of CPD error
results from Table 2 to Table 5, especially in the case of orchard 3
where the Human MSE jumped from 0.01 to 1.72. However, the
accuracy of CPD is still superior to ICP on this data, determined by
a visual comparison of their results and error metrics, and thus CPD
is shown to be more robust to additional noise/outliers than ICP.

6. Extensions to the Algorithms

Proposed extensions to each algorithm, to improve registration
accuracy and their suitability to the problem, are presented below.

ICP Improvement:

The registration accuracy and robustness results of the ICP
algorithm make it clear that the basic ICP method used is not
suitable to register the orchard input data accurately. This is due to
the ICP algorithm only guaranteeing a result with a local minima
of registration error, based on the starting position or initialization
of the input point clouds during registration. Alterations and
improvements need to be made to the algorithm for it to be a viable
solution to this orchard registration problem. One such
improvement is a method called Global Iterative Closest Point
using Nested Annealing [12]. This method aims to avoid the local
minima traps inherent to the ICP method through a doing a search
for the global minima, or true registration. This is completed
through multiple rounds of ICP registration being done on the data,
with different initializations. The local error is recorded for each
round, and the algorithm terminates when the global minimum is
found, resulting in an accurate registration. The implementation
and evaluation of this proposed extension to the ICP algorithm is
left as future work.

CPD Improvement:

The CPD algorithm has a few inherent shortcomings: It’s not
guaranteed to converge on every run, the registration
transformation parameters for motion coherence produced by the
algorithm are unclear and unintuitive, the algorithm is sensitive to
shape rotation (as seen in section 5.1.1) and the acceleration of the
algorithm is restricted to the use of the Guassian kernel [16]. A new
variation of the CPD algorithm, called Bayesian Coherent Point
Drift (BCPD), was introduced in 2020 [16]. This algorithm
overcomes these issues with traditional CPD on the basis of
variational Bayesian inference. This new algorithm has the
following characteristics:

e It guarantees convergence.

e It provides intuitive registration parameters regarding
motion coherence.

e It combines rigid and non-rigid registration in to a single
algorithm thereby enhancing robustness to target
rotation.

e The algorithm can be accelerated with non-Guassian
kernel functions, greatly improving CPD computational
efficiency.

These improvements offered by this newer CPD algorithm are
likely to result in greater registration accuracy levels than the base
method implemented in this project. The implementation and
evaluation of this proposed extension to the CPD algorithm is left
as future work.

Non-rigid registration:

The results presented and discussed in this paper all regard two
rigid registration algorithms. As such, they were only tested on data
with rigid deformations (translation and rotation) applied to them.
Rigid registration algorithms estimate transformation parameters
that preserve the distance between every pair of points, whereas
non-rigid registration algorithms have no restriction. The case/s
where the input data displays any non-rigid deformations were not
tested in this project. This was due to the input data for this project
being pre-registered, as such any of the real-world deformations
that occur between the orchard detections of successive surveys
were removed. Information about the typical instances of
deformation present in the raw input data was lacking, therefore
only rigid deformations were simulated. The base ICP method
implemented in this project is only capable of rigid registration,
however the CPD method contains an algorithm for the non-rigid
registration too. In fact, CPD is considered a state-of-the-art non-
rigid registration algorithm due to it’s registration performance and
scalability to large points sets [17]. As such, it is expected to be
able to accurately register the provided input data with non-rigid
deformations. The BCPD algorithm described above is also capable
of non-rigid deformations and, unlike base CPD, has combined the
non-rigid and rigid registration algorithms into a single method
capable of handling both types of registration. Extensions to the
ICP method, capable of non-rigid point set registration, have been
developed [18]. These methods have been shown to find the



optimal non-rigid deformation on the input data iteratively, while
maintaining the convergence properties of the original ICP
algorithm. The implementation and evaluation of these methods is
left as future work.

Conclusions

The aim of this paper was to determine whether the problem of
orchard orthomosaic registration at Aerobotics, using tree detection
features, could be modelled as a PCR problem. And whether two
types of rigid PCR methods (ICP and CPD) were capable of
accurately registering the input tree detections, modelled as point
clouds. The methods must produce results comparable to the
accuracy of the existing human-based registration method to be
deemed acceptable. The two methods chosen take significantly
different approaches to PCR, with ICP making use of closest-point
correspondences to estimate registration parameters and CPD
maximizing the probability of overall cloud alignment to register
the input point clouds. This difference in registration methodology
between the methods is accompanied by an equally significant
difference in the results produced by each method. ICP is shown to
produce relatively inaccurate registration results, not coming close
enough to the accuracy of the existing human method to be
considered a viable approach to orchard orthomosaic registration at
Aerobotics. CPD is shown to outperform ICP in all the tests over
rigid registration accuracy, albeit at a higher computational cost.
Additionally, CPD is shown to be more robust to various
unforeseen deformations of the input data, including the addition of
noise to the dataset and the removal of low confidence detections.
It’s shown that CPD produces qualitative (visual registration
results) and quantitative (human and registration error metrics)
results comparable to the existing human-based registration
methods at Aerobotics. Taking the human registration results as the
standard of an acceptable registration, we can therefore conclude
that CPD is capable of an accurate rigid registration of the input
orchard data and thus meets the aim of the project in the rigid
registration case. However, we can’t conclude that CPD is fully
capable of accurately registering all input orchard data, as the cases
where the input data contains non-rigid deformations were not
tested. We were unable to obtain raw input data with these
deformations present in the timeframe of this project and thus leave
it to future work. Although, based on published experiments of
CPD results on other datasets containing non-rigid deformations,
it’s expected that the CPD method will be capable of providing an
accurate level of registration accuracy on cases of non-rigid
deformations in the orchard data [10, 16, 17].
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