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3. ABSTRACT 
This paper tries to implement robust point matching for 

orchard registration given detected tree polygon features. 

Tree polygons will change or disappear over time, thus 

complicates the problem. Robust point matching is an 

optimization-based approach which iteratively estimate 

transformation parameters and correspondence. It shows that 

RPM can handle different translations and rotations. 

However, when facing outliers, the registration accuracy will 

decrease.  

4. INTRODUCTION 
Agriculture is an important factor for a country’s economy. 

One of the modern practices for agriculture is precision 

agriculture (PA), which is a farming management concept 

based on observing, measuring and responding to inter and 

intra-field variability in crops. It aims to improve the 

efficiency and productivity of agriculture. Unmanned Aerial 

Vehicles (UAVs) are commonly used for this purpose. 

Inspection of tree’s growth is an important activity to 

manage farming. Currently, this is done manually with 

farmers walking through orchards. This paper focuses on a 

particular part of PA which is to align orthomosaic orchard 

images of a same orchard at different times to monitor trees’ 

growth and manage it efficiently. 

The main problem of this project is how to align two 

orthomosaic orchard images automatically when there were 

taken at different times. The provided features for 

registration are detected tree polygons as shown in Figure 1. 

The difficulty comes from two aspects: 1. With trees’ growth 

(trees being removed, replanted, or just grow) over time, the 

detected tree polygons’ shape and location will change. 2. 

Local deformation occurred during orthomosaic generation. 

For the first aspect, for two different dates of the same 

orchard, there might be different numbers of trees, different 

layout of the orchard or changes in shape of some trees (as 

shown in Figure 2). Trees can also overlap with each other. 

 

  

Figure 1: Detected Tree Polygons for Orchard 1 

For the second aspect, when automatically generating 

orthomosaic images, a step of stitching is involved for 

stitching multiple parts of the same scene. Local deformation 

can be introduced during this stage, which further 

complicated the registration problem. 

  

Figure 2: Detected Tree Polygons for Orchard 1 at Different 

Dates 

Along with the detected tree polygons, there is a confidence 

level associated with each tree polygon to indicate how likely 

the detected tree polygon is a tree (or an error detection) and 

a height map to indicate the height for each tree. However, 

the detected height is not reliable so it cannot be used. This 

project is run on Windows 10 operating system with the 

processor of Intel(R) Core(TM) i5-8250U CPU @ 1.60GHz   

1.80 GHz and memory of 8GB RAM. 

In this paper, the problem is reframed as matching tree 

polygons by representing those as points, where each point 

for a polygon is the centroid of that polygon. The resulting 

problem is to align one point cloud with another point cloud.  

The approach taken in this paper is Robust Point Matching 

[1] which is an approach that iteratively estimate 

transformation parameters and correspondence at the same 

time.  

The outline of the rest of the paper is as following: section 4 

covers previous work that has been done on this area, section 

5 introduces the method, section 6 presents the results and a 

discussion about it and section 7 presents conclusions for this 

paper. 

5. Related Work 
Image registration approaches are categorized into two 

categories: area-based and feature-based image registration 

[4]. For area-based methods, windows of predefined size or 

the entire image are used to calculate the similarity between 

two images. Window pairs with the highest similarities are 

matched and the transformation model is estimated from 

those matches. 

Feature-based image registration approaches have two 

important stages: feature detection and feature matching. 

Most of the feature-based image registration approaches rely 
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on SIFT or its variations focus on detecting unique features. 

It uses scale-space to detect feature points (which makes 

them scale invariant) and localize those feature points to get 

more consistent feature points [3]. Orientation is then 

assigned to each feature point to achieve rotation invariant. 

Feature points are represented as special feature descriptors 

so that matching feature points can be easily achieved. With 

unique features matching can be easily done. Other 

approaches focus on feature matching, where given features 

that are not quite unique, match them accordingly. Point 

cloud registration is one such category of method where it 

focuses on feature matching instead of feature detection. 

Registering two point clouds can be done in mainly two 

ways: 1. By estimating the correspondence of points between 

two point clouds. A typical way for doing this is feature 

based method, which groups points into lines, curves or other 

higher level shapes such as in [5] and [6]. Then a matching is 

done for that. Graph based approach also fall under this 

category. It has the advantage of invariant to affine 

transformation, but it is very time inefficient. There were 

many methods proposed for graph matching such as [13]. 2. 

By estimating the transformation parameters to align the 

sensed point cloud to the reference point cloud. A classic 

method for this type is the method of moment [7]. There are 

other methods for this type such as Hough Transform [8] and 

tree searches [9]. 

These methods established for registering two point clouds 

solely by estimating the correspondence or by estimating the 

transformation parameters. The result for those approaches 

were not desirable. However, by estimating transformation 

parameters and correspondence in an iterative approach can 

result in an accurate point cloud registration. The simplest 

method is Iterative Closest Point (ICP) [10]. It is easy to 

implement however can easily fall into local minima. A 

probabilistic method which uses Gaussian mixture model is 

Coherent Point Drift (CPD) [11], which can register two 

point clouds with good accuracy but it does not handle 

outliers very well. The proposed method in this paper is also 

under this category. A different probabilistic strategy 

proposed in [12] is shape context. A point is defined by its 

relative positions to other points. However given the 

multitemporal aspect of the provided data and most of points 

are in a line, this method would not fit properly. 

There are other novel approaches which uses deep neural 

network to learn a robust feature correspondence search [14] 

[15]. Due to the limited amount of data and time, this 

category of method was not chosen. 

Point cloud registration methods can also be categorized into 

another three categories: optimization-based, feature-learning 

and end-to-end learning [2]. Robust point matching falls 

under the category of optimization-based approaches. 

Methods such as ICP and CPD are also under this category. 

6. Design and Implementation 

6.1 Method 

6.1.1 Data Preprocessing 
The input data of the proposed method is a set of point sets 

with each point set represents the boundary of the detected 

polygon. Each point set is used to calculate a centroid to 

represent the polygon. These points are in global positioning 

coordinate (GPS) system. Therefore, it needs to be 

transformed into normal coordinates. All points are scaled up 

by 100,000 and are translated to the origin by the amount of 

the point cloud center. All polygons with less than 50% 

confidence level are filtered out. 

6.1.2 Robust Point Matching 
Given two 2D point sets {𝑋𝑗} and {𝑌𝑘}, related by an affine 

transformation {𝐴, 𝑡} where 𝐴 is the matrix product of scale, 

rotation and shear, and 𝑡 is the translation. With points can be 

noisy – it might not be an actual tree, or the centroid 

calculated for the polygon can be slightly misaligned 

compared to its true centroid. A set of correspondences are 

defined in an assignment matrix 𝑚 as: 

 

The problem can then be defined as finding the affine 

transformation {𝐴, 𝑡}  that best relates {𝑋𝑗}  and {𝑌𝑘} . This 

approach estimates the transformation and the 

correspondence at the same time. This naturally arise from 

minimizing a cost function 𝐸: 

          

subject to ∀𝑗 ∑ 𝑚𝑗𝑘

𝐾

𝑘=1
≤ 1  and ∀𝑘 ∑ 𝑚𝑗𝑘

𝐽

𝑗=1
≤ 1 ,  

∀𝑗𝑘 𝑚𝑗𝑘 ∈ {0,1} and 

                         

 𝐴 composes of four parameters {𝛼, 𝜃, 𝑏, 𝑐} which are scale, 

rotation and two components of shear:  

            

In this paper, since only rigid transformation is considered, 

scale and rotation parameters can be omitted. 

The RPM algorithm optimizes the cost function using the 

softassign algorithm. It associates a value 𝑚𝑗𝑘 with a variable 

𝑄𝑗𝑘 where 

 𝑄𝑗𝑘 = − (‖𝑥𝑗 − 𝑡 − 𝐴𝑌𝑘‖
2

− 𝛼) = −𝜕𝐸2𝐷/𝜕𝑚𝑗𝑘. 

The goal then is to maximize ∑ ∑ 𝑚𝑗𝑘𝑄𝑗𝑘

𝐾

𝑘=1

𝐽

𝑗=1

. This 

discrete problem can be turned into a continuous problem by 

using deterministic annealing where it introduces a control 

parameter 𝛽 > 0 then 𝑚𝑗𝑘 would be: 
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𝑚𝑗𝑘 =
𝑒𝑥𝑝(𝛽𝑄𝑗𝑘)

∑ ∑ 𝑒𝑥𝑝 (𝛽𝑄𝑗𝑘)
𝐾

𝑘=1

𝐽

𝑗=1

 

This is known as the softmax. As 𝛽 → ∞, 𝑚𝑗𝑘 corresponds to 

the maximum will tend to 1 while others tend to 0. 

The resulting algorithm would be as following: 

 

When updating correspondence, update 𝑚𝑗𝑘 = 𝑒𝑥𝑝(𝛽𝑄𝑗𝑘), 

then normalize the matrix with Sinkhorn’s method. The 

resulting matrix would be: 

𝑚𝑗𝑘 =
𝑒𝑥𝑝(𝛽𝑄𝑗𝑘)

∑ ∑ 𝑒𝑥𝑝 (𝛽𝑄𝑗𝑘)
𝐾

𝑘=1

𝐽

𝑗=1

 

 

Note that Sinkhorn’s algorithm is used to normalize the 

matrix in order to satisfy the doubly-stochastic constraints. 

Since constraints are inequality, it can be addressed by 

introducing slack variables where 

                  . 

7. Results and Discussion 

7.1 Evaluation 
The RPM is evaluated from two aspects: 1. Whether it can 

accurately register two polygon clouds under different 

translation and rotation. 2. Whether it is robust under 

different amount of noise and outliers. 

The measuring metric that is used is the mean square error 

between two point clouds between the closest points. A base 

MSE is calculated before deregistering the point clouds and 

compared it against the MSE for RPM registration. 

First aspect of testing are applying different translations and 

rotations to find out RPM’s accuracy. The translation ranges 

from small amount of translation (-10 ~ 10) to large amount 

of translation (-100 ~ 100). The rotations that were applied 

are below 30 degrees, reason for that is because according to 

Aerobotics there will not be a lot of rotations and translations 

difference. Thus, the choice of 30. 

Second aspect of testing is robustness. The approach taken 

here is to eliminate/filter unreliable polygons (under a certain 

confidence level) which would result in missing points and 

missing correspondences since only polygons with 

confidence level above a certain amount would be used for 

testing. Figure 3 shows Orchard one under different 

confidence threshold.  

 

      Figure 8: Point clouds with 50% threshold (Top) and point 

clouds with 90% threshold (Bottom) for Orchard 1 

 

Reason for using different confidence levels to test the 

robustness of RPM is because it is more suitable for the 

problem domain. 

Two types of orchards are chosen for testing which orchard 

1’s polygons are sparser while orchard 3 has denser polygons 

distribution as shown in Figure 9. 

 

    Figure 9: Orchard 3 

Red point cloud is the source point cloud and it is registered 

to the blue point cloud (reference point cloud). 

The MSE validation will be complemented by human 

inspection. 



http://pubs.cs.uct.ac.za 

7.2 Results and Discussion 
Figure 10 shows the difference between RPM MSE and 

preregistered MSE under different confidence level. Orange 

line represents Orchard 3 and blue line represents Orchard 1. 

The corresponding data is shown in Figure 11. 

 

 

    Figure 10: MSE difference under different confidence level 

Orchard 
Confidence 
Level 

MSE 
Difference 

Orchard 
1 0.5 11.46 

 0.6 7.35 

 0.7 41.95 

 0.8 236.95 

 0.9 325.79 

   
Orchard 
3 0.5 0 

 0.6 0 

 0.7 0 

 0.8 1.73 

 0.9 3.18 
   Table 1: Data for Figure 10 

As shown from Figure 10 and table 1, as the confidence level 

increases and thus resulting in more outliers (points with 

missing correspondence in the other point cloud), the MSE 

difference increases. It is not influential for orchard 3 but for 

orchard 1 it has a serious impact. Reason for that is because 

orchard 1 has sparser distribution of polygons and many of 

the polygons have low confidence level. On the other hand 

orchard 3’s polygons have much higher confidences which 

results in less outliers. Table 2 and 3 shows the number of 

polygons before and after filtering. 

 

 

 

 

 

 

 

Table 2: Number of data points before and after 

filtering under different confidence level for orchard 

1 

 

Table 3: Number of data points before and after filtering 

under different confidence level for orchard 3 

The result is confirmed by visual inspection as shown in 

Figure 11 and 12. 

 

Figure 11: Registration using RPM for 50% confidence 

level (Top) and 90% confidence level (Bottom) for orchard 

1 

 

-100

0

100

200

300

400

0.5 0.6 0.7 0.8 0.9 1

MSE difference under 
different confidence level

Orchard1 
Date 
1 

Date 1 
(After 
filtering) 

Date 
2 

Date 2 
(After 
filtering) 

Filtering 
Threshold 

 143 101 166 101 0.5 

 143 97 166 96 0.6 

 143 92 166 88 0.7 

 143 89 166 78 0.8 

 143 83 166 70 0.9 

Orchard3 
Date 
1 

Date 1 
(After 
filtering) 

Date 
2 

Date 2 
(After 
filtering) 

Filtering 
Threshold 

 1160 1076 1158 1076 0.5 

 1160 1075 1158 1075 0.6 

 1160 1074 1158 1075 0.7 

 1160 1072 1158 1069 0.8 

 1160 1057 1158 1054 0.9 
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Figure 12: Registration using RPM for 50% confidence 

level (Top) and 90% confidence level (Bottom) for orchard 

3 

 

The result for MSE difference under different range of 

transformation is shown in Figure 13 and Table 4.  

 

Figure 13: MSE difference under different range of 

transformation 

Similar to confidence level test, orchard 3 has more accuracy 

than orchard 1 under different range of transformation where 

the larger the transformation, the less accurate the 

registration is.  

The times taken for RPM to register orchards are rather slow. 

For orchard 1, it takes about 20 – 30 seconds to register 2 

orchards, whereas for orchard 2 it can take up 20 – 40 

minutes. In some cases, the run time can be more than an 

hour. The reason for that is because it involves manipulating 

a 𝑛 ∗ 𝑛  matrix. Therefore, the time complexity is at least 

𝑂(𝑛2). With points more than 1000 such as orchard 3, each 

iteration will execute more than 1 million operations. 

 

Table 4: Data for Figure 13 

Parameters chosen are as following: 𝛼 = 0.03, 𝛽 =
0.00091 , 𝛽𝑟 = 1.075 , 𝛽𝑓 = 0.2 . Inner iteration threshold 

(matrix normalization) is 30 and outer iteration threshold (the 

whole estimation algorithm) is 4. It is possible to increase the 

number of iteration threshold which will result in more 

accurate registration. However, after testing usually 4 can 

give a rather good registration and more iteration will 

increases the time taken. 

8. Conclusions 
RPM can register data points under different translation and 

rotation accurately. However, when facing some outliers, it 

will decrease the accuracy with the result of some 

misalignment. With a significant number of outliers, the 

registration will be very inaccurate. 

The range of transformation can also have an effect on 

registration accuracy, with larger transformation the less 

accurate the registration would be. 

Since the requirement from Aerobotics is that only small 

amount of transformations need to be considered. And since 

the smaller the transformations the more accurate the 

registration is. Thus the RPM algorithm can fulfil the need 

for orchard registration. 

The algorithm has a time complexity of 𝑂(𝑛2). When data 

points are a lot, it can take up to one hour to register two 

images. 

In this paper, only rigid transformation is considered. 

However due to the parametric framework of RPM, it can be 

easily extended to all affine transformations. There are also 

some extensions to the RPM framework such as TPS-RPM 

(Thin plate spline), it can handle not just affine 

transformation but also thin plate spline transformation. 
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