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ABSTRACT  

Aerobotics, a company in the Precision Agriculture sector, provides 

agricultural trend analysis to farmers through the analysis of large 

orthomosaic maps of orchards over time. In order for successful 

trend analysis to occur, orthomosaic maps of the same orchard area, 

taken at different times, need to be aligned correctly. The process 

of aligning different images of the same scene is called image 

registration. The field of image registration has grown a lot since 

the late 20th century, with many techniques being developed and 

modified for a wide range of practical applications. In this review, 

existing registration methods are analyzed and evaluated with the 

purpose of finding the best possible overall image registration 

strategy to align the multitemporal orthomosaics produced by 

Aerobotics. Aerobotics have already developed a robust feature 

extractor, a tree instance segmentation model, to aid this process. 

Taking this into account, the best overall registration strategy was 

found to be a feature-based registration method, using the 

correspondence of invariant feature descriptions to correctly align 

the input images. A concern regarding the robustness and accuracy 

of this proposed method arose. This was due to trees being selected 

as the detected feature to be used as the basis for matching in the 

registration. Their inherent temporally unstable nature has the 

potential to violate the invariant requirement of the feature 

description. Therefore, an additional feature tracking step, making 

use of a geospatial database and probabilistic model, was proposed 

to ensure the accuracy of the overall registration. 
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1 INTRODUCTION 

Precision Agriculture is a current trend in the agricultural sector to 

optimize farming management practices. This is done through the 

analysis of real-time observational data of agricultural fields 

obtained with the aid of various Information Technology (IT) 

systems. Modern advancements in the field of the Internet of 

Things (IoT), specifically the widespread use of sophisticated 

Unmanned Aerial Vehicles (UAVs) or drones, are a driving force 

behind the viability of current Precision Agricultural practices. 

This is due to their ability to take high spatial and temporal 

resolution images of farmland on demand [1, 4]. Which are 

subsequently processed, aligned and combined to produce 

orthomosaic maps of a large stretch of farmland, a key input in 

agricultural analysis applications. The process of aligning 

overlapping individual images is called image registration. 

Despite recent experiments proving the high level of positional 

precision in orthomosaic maps derived from images obtained by 

UAV photogrammetry [2], the level of proliferation of UAVs into 

the Precision Agriculture sector has not met expectations. This is 

partly due to the difficulty of choosing and implementing data 

acquisition and image processing techniques, as this is a relatively 

new field with no standardized workflow or best practice [1]. As 

such, each company in this field must develop and implement 

their own registration methodology for the creation and analysis 

of orthomosaic maps that meets their requirements. Aerobotics, a 

stakeholder in this project, is one such company. 

 

Aerobotics is a South African company in the Precision 

Agriculture sector that uses multitemporal UAV based imagery to 

provide farmers with information of trends on their farms over 

time. This is done through the creation and subsequent analysis of 

orthomosaic maps of orchards over time. Due to the inherent error 

in the GPS tagging of the UAV captured images, orthomosaic 

maps may be misaligned between dates, hindering the analysis 

process. To aid the registration process of the orthomosaics, they 

have developed a tree instance segmentation model that creates a 

bounding polygon around individual tree canopies on the map. 

This salient feature extractor is intended to aid the feature 

matching stage of the overall image registration process [3]. 

 

The aim of this paper is to review existing image registration and 

mosaic construction techniques to improve the process of 

orthomosaic registration for Aerobotics, by reducing 

misalignment. Image Registration is an established field of 

research encompassing many various implementations which date 

back to the late 20th century with many practical applications, of 

which mosaic construction is but one [3]. As such, experiments 

regarding similar use cases in the agricultural field will be 

analysed with the hope of extracting relevant methods that can be 

used for this project. Consideration will be taken for how these 



 

 

 

 

extracted techniques can best be integrated with Aerobotics’ 

existing feature extractor. Three topics, relevant to the aim of the 

project will be discussed. These are: Image registration, where 

different classical and modern registration methods are discussed. 

Next will be image mosaic construction, where different 

methodologies for the creation of image mosaics (using various 

registration methods) will be analysed, and relevant techniques to 

this case will be extracted. And finally, the topic of object 

tracking over time will be discussed, which will concern the 

analysis and tracking of individual trees over different 

orthomosaic maps in this case. This last section is relevant to the 

project as trees are not static objects, they grow, shrink, wither, 

bloom or move occasionally. Therefore, special consideration has 

to be taken to ensure that the same tree can be tracked over time 

for the sake of aligning multitemporal orthomosaics. The results 

and interaction of these topics will be discussed and from this, 

conclusions regarding the overall findings of this review will be 

drawn. 

2 IMAGE REGISTRATION  

Image registration is the process of aligning and overlaying two 

separate images of the same or adjacent scene(s). These images 

could be captured from different viewing angles, sensors or times 

[3, 5, 7] These two images are the reference and sensed image. The 

end result of image registration is a final, combined image in which 

the sensed image has been transformed to geometrically align with 

the reference image and now overlays it [3]. Image registration is a 

crucial component in the overall aim of this project for two reasons. 

Firstly, image registration is used to construct the orthomosaic 

maps of the agricultural land used by Aerobotics. These 

orthomosaics are produced through the process of stitching together 

multiple overlapping images taken of a particular scene of interest 

during one or more UAV flights over the area. The images captured 

on the flight are each a part of the required whole map. Due to the 

nature of the UAV flight, each of these images capture the land at 

a different viewpoint, time and rotation. Therefore, these images 

have to be individually transformed through registration to produce 

a consistent and viable orthomosaic. The images are registered 

among each other and overlayed, resulting in a single orthomosaic 

map covering the entire area of interest [1]. The second reason 

image registration is crucial is that the resulting orthomosaic maps 

of different dates then have to be registered among each other. This 

is so that they are correctly aligned to enable subsequent trend 

analysis of the relevant changes observed on the farm over time, a 

key part of Precision Agriculture [1].  

Image registration is a well-researched field, with many methods 

published dating back to the late 20th century [6]. The first 

comprehensive survey of image registration methods was produced 

by Brown in 1992 [6]. The next robust survey on image registration 

techniques was produced in 2003 by Zitova & Flusser [3]. This 

survey refined the methods outlined in the original 1992 survey and 

included new techniques published since then. The final survey on 

image registration techniques being reviewed is by Saxena & 

Singh, produced in 2014 [5]. This paper covers more recent 

developments in the field of image registration methodology since 

the 2003 survey. Due to the diversity of possible images to be 

registered, and all the possible levels of distortion in each image, it 

is impossible to define a universal method for image registration 

[3]. However, in the majority of the registration methods described 

in these papers, the process of image registration can be divided in 

to 4 sequential steps: feature detection, feature matching, transform 

model estimation and image transformation and resampling [3, 5, 

6, 7]. Zitova & Flusser classify all registration methods in to two 

classes based on how the features are detected in the first step [3]. 

Registration methods are either area-based or feature-based.  

Relevant literature on each of these steps, extracted from the robust 

survey papers listed above, will be reviewed below. Various 

approaches to each of these steps, relevant to the aim of this project, 

will be analyzed without going into significant depth on their 

individual algorithmic implementation. 

  

2.1 Feature Detection  

Feature detection is the first step of the image registration process. 

In this step salient and distinctive objects in the image are detected. 

These features could be closed-boundary regions (i.e., a tree 

canopy) lines, line intersections, corners etc. [3]. Aerobotics has 

already developed a feature detector to aid this project, called a tree 

instance segmentation model. This model detects trees in the image 

and identifies them by producing a bounding polygon over their 

canopy. In that case, the trees are the features. These detected 

features are represented by geometric point representatives on the 

image, usually being the end points on a line feature or the center 

of mass on a region feature (such is the case for a bounding polygon 

over a tree canopy) [3, 5]. Note that these detected features are 

referred to as control points (CPs) in the reviewed literature. 

 

Feature detection methods differ according to the classification of 

the overall registration method (area-based or feature-based).  

 

2.1.1 Area-based detection 

Area-based registration methods put more emphasis on the feature 

matching step of the process than the detection phase [5]. These 

types of methods use an entire area of the image (in the form of a 

block of pixels) as the “feature” to be matched in the next step. As 

such, no features are detected in this step and this stage is skipped 

[3]. Refer to the area-based matching subsection (2.2.1) for more 

details on how these registration methods are implemented. Note 

that area-based registration methods are generally only used when 

the images being registered lack distinctive shapes or structures to 

enable feature-based registration [3]. In this project, the input 

images contain distinctive shapes in the forms of tree canopies and 

a feature detector has already been developed for the project. 

Therefore, a feature-based (or possibly a hybrid feature and area 

based) approach should be used for this project. 

 

2.1.2 Feature-based detection 

Feature-based registration methods require the extraction and 

description of salient features (CPs) in this detection step, as 

described above. Common classes of features to be detected here 



 

are regions, lines and points [7]. Zitova & Flusser state that features 

should be distinct, spread out and efficiently detectable, despite any 

potential distortion or degradation in the reference and sensed 

image [3]. An adequate level of comparability between the feature 

sets of the images, required in the feature-based matching stage in 

the next step, is dependent on the invariance and accuracy of the 

feature detector and a sufficient level of overlap or intersection of 

the detected feature sets of the images [3]. Taking this requirement 

in to account, a logical choice for the choice of detected feature in 

this project is a tree canopy. Presumably, the only distinct and 

comparable element of the individual UAV-captured images of 

orchards would be the tree canopy (note that at this point of the 

project I have not seen the input data images, hence the 

presumption). This sentiment is clearly shared by Aerobotics as 

they have already created a feature detector to detect and segment 

tree canopies. A tree canopy falls under the region class of features 

due to its size, relatively high contrast and closed boundary nature 

in the drone captured aerial imagery of orchards [8]. Methods for 

detecting these types of features will be briefly reviewed, as this 

stage of the process has presumably already been implemented by 

Aerobotics adequately with their tree instance segmentation model. 

Region features are detected via segmentation methods, with the 

result usually being a bounding polygon or convex hull shape 

around the detected feature. With the latter result requiring a clearer 

input image and more processing time [9]. The accuracy of the 

segmentation is of vital importance to the subsequent feature 

matching step. The more precise and refined the segmentation is, 

the more accurate the matching will be. A classical approach to 

ensuring accuracy and improving quality in region-based 

segmentation was introduced by Goshtasby et al. [8]. The 

segmentation of the image was done iteratively, estimations of the 

control points (CPs) correspondence to one another were used to 

refine the segmentation parameters in each iteration. They claimed 

this process could achieve sub-pixel accuracy in the derivation of 

control points of the regions (which would be the centers of mass 

for the tree region), which would improve the precision of the 

contours generated around the region. This level of accuracy is 

especially important in this project as the shape of the trees in the 

input image are generally very similar, therefore utmost precision 

in the segmentation process is essential for accurate feature 

matching. Other reviewed approaches to region-based detection 

include the use of virtual circles as region features, proposed by 

Alhichri & Kamel [10]. The advantage of this approach being that 

it improves registration efficiency for images with translation and 

scale differences. However, a main differentiating factor of the 

features detected is the radius of the enclosing circle, which proves 

a challenge when comparing multiple tree canopies with very 

similar radii during feature matching. A more recent approach to 

feature detection, called shape feature detection was outlined in a 

survey by Minqiang et al. [11]. These methods have objects 

identified by their unique shape outline (i.e., a tree crown) and has 

the advantage of being relatively invariant to noise or deformation 

and efficient in registering images differentiated by translation, 

rotation and scaling.  If the existing, provided segmentation model 

proves insufficient for feature matching, these approaches can be 

looked at for improving the precision of detected features. 

2.2 Feature Matching 

This step in the registration process involves matching the 

corresponding features in the intersection of detected feature sets in 

the reference and sensed image [3]. This means the process is 

concerned with determining if there are common features in the two 

images and matching the ones that correspond. The results of this 

step are used to estimate the parameters of the mapping function in 

the next step. These matching methods are divided into two major 

categories, according to the type of registration occurring. Relevant 

literature and techniques will be reviewed for each, without going 

in depth on their respective algorithmic implementations. 

 

2.2.1 Area-based matching 

All area-based feature matching techniques omit the previous 

detection step of registration as they do not require the extraction 

of salient features as an input [5]. Instead, windows of 

predetermined size or entire images are used for correlation 

estimation based on their intensity values in close neighbourhoods 

[3, 12]. A classic example of area-based methods is the cross-

correlation (CC) method [3]. This method calculates a similarity 

metric between pairs of windows from the referenced and sensed 

image. The pair of windows for which the maximum level of 

similarity is found are set as matching [5]. This method is mainly 

used for pattern matching and works best for when the difference 

between the image pair is only a matter of translation, but can work 

for when scaling and rotation transformations are present too. 

However, the generalized CC methods to match the more 

geometrically deformed images come at a significantly higher 

computational cost [3]. As such, this method is not especially suited 

to the context of this project, as relatively significant geometrical 

deformations are implicit with the aerial drone images Aerobotics 

uses. An improvement to the traditional CC method was proposed 

by Evangelidis & Psarakis in 2008 called the Enhanced Correlation 

Coefficient algorithm [13]. This newer method has the desirable 

modification of being invariant with respect to a wide range of 

photometric distortions. Theoretically making it better suited to 

register the required UAV-captured images for this project and a 

legitimate contender for our overall registration strategy. The ECC 

method’s practical applications and validity for this context have 

been shown in the framework for registering UAV-based imagery 

for crop-tracking proposed by Lopez et al. [4]. This framework 

proposed a multi-layer model for registering hyperspectral aerial 

images of crop fields. They proved that the ECC method is well 

suited to register heterogeneous images (specifically images of 

different spectral bands). The ECC method was shown to handle a 

wide range of typical distortions of UAV-based imagery after 

preprocessing the data to remove any lens based distortion (i.e.. 

fish-eye distortion). Assuming Aerobotics uses hyperspectral 

images to construct their orthomosaics, this is an extremely viable 

strategy for registration. In the likely case that plain RGB images 

will be the entire scope for this project, the ECC method can still 



 

 

 

 

be used effectively, provided any lens-based distortion is removed 

first [4]. 

 

2.2.2 Feature-based matching 

Feature based matching involves analyzing the two sets of salient 

features detected in the reference and sensed image from the 

previous step [3]. The features are represented by their control 

points (CPs), which would be the center of mass of the region 

covered by individual tree canopies in this case. The aim of this 

step in the process is to use the find the correspondence between 

the elements of the two detected feature sets, thereby finding 

matching pairs. This is done through analyzing the spatial relations 

between the CPs or the various descriptors of the features 

themselves [3, 5]. Therefore feature-based matching methods being 

reviewed can be divided into methods using spatial relations and 

methods using invariant feature descriptors. 

Spatial relation-based feature matching methods are typically used 

when the detected features are ambiguous or if their nearby 

neighborhoods are distorted [3]. In this case, the information about 

the distance between the CPs are used to match features. In the case 

that the segmentation of tree instances done in the detection step 

does not produce sufficiently unique feature descriptors (this would 

be the bounding polygon produced from Aerobotics’ own feature 

detector), spatial relation or even area-based matching methods 

would have to be used. Various spatial-based methods have been 

introduced over the years. Goshtasby proposed a method for 

matching CPs from two different planes using a graph matching 

algorithm, in which the transformation parameters are estimated 

through the iterative transformation of a subset of points from the 

sensed to the reference image, deriving which parameters result in 

the best match [14]. This method does not guarantee the utmost 

accuracy in the subsequent transformation step as only a subset of 

points are used to estimate the transformation parameters, if the 

whole set were to be used, it would be the equivalent of an 

expensive exhaustive search algorithm. Öfversted et al. introduced 

a more robust matching method using spatial relations [15]. This 

newer method uses both spatial and image intensity information to 

match features. This approach can be thought of as a combination 

of area-based and spatial relation-based matching methods and the 

result is a faster, more accurate and noise resistant approach to 

registration (relative to stand alone are or spatial based methods). 

This approach has great potential in the context of this project. 

Area-based registration methods, like ECC mentioned above, have 

proven to produce accurate orthomosaics from UAV-based 

imagery, especially for heterogeneous images [4]. If the images 

used in this project turn out fairly homogenous (all RGB with very 

similar image intensity values) then the addition of a spatial 

information between the detected features should make a hybrid 

area-based registration approach viable and efficient. 

Invariant descriptor-based feature matching methods match 

features based on the correspondence of their description [3, 5]. In 

this case, using the tree instance segmentation model developed by 

Aerobotics, each detected feature’s description would be the 

bounding polygon surrounding it, generated by the model. The 

features (trees in this instance) would be matched based on the 

similarity of their bounding polygon. Zitova & Flusser state that the 

feature description should satisfy 4 conditions in order for 

descriptor-based feature matching to be successful [3]. These being 

invariance (the description of a common feature in the reference 

and sensed image should be the same), uniqueness (different 

features should have different descriptions), stability (deformations 

in the source image should not drastically change the generated 

description) and independence (vector-based descriptions should 

be functionally independent). If Aerobotics’ provided feature 

detector meets these requirements, descriptor-based matching 

methods are a viable approach to this registration project. A classic, 

simple approach to feature descriptors is using the image intensity 

function of the feature are as it’s description [16]. More modern 

and robust feature descriptors include the Scale Invariant Feature 

Transform (SIFT) method [5, 17] and newer faster Speeded Up 

Robust Feature (SURF) method [5, 18]. Note that since a robust 

feature descriptor has already been developed for this project, these 

alternative descriptor methods will not be reviewed in depth. If the 

provided descriptor does not meet the accuracy requirements, these 

alternative approaches will be investigated. 

2.3 Transform Model Estimation 

After correspondence between matching features in the reference 

and sensed image has been established in the previous step, a 

mapping function be constructed. This function should transform 

the sensed image so that it is overlayed on the reference one, while 

ensuring that once overlayed, the matching features in the images 

are as close as possible [3]. An appropriate mapping function must 

be chosen, with it’s parameters estimated to ensure this requirement 

is best met. The choice of mapping function depends on the 

assumed level of geometric distortion in the images, the method of 

image capture and the required accuracy of the registration [3]. 

Images being captured from UAV’s are prone to scale, translation 

as well as rotational transformational differences from one another 

[4]. And the level of required accuracy of the registration must be 

sufficiently high enough to enable the effective trend analysis 

performed by Aerobotics. Therefore, mapping functions that 

account for the transformational differences mentioned, while 

ensuring the best possible level of accuracy will be considered. 

Mapping function models can be divided in to 2 categories, local 

mapping models and global mapping models [3, 5]. The key 

difference being that global mapping models use all corresponding 

sets of control points to estimate a single set of mapping function 

of parameters that are used to transform the entire sensed image. 

Whereas local mapping models are based on treating the input 

image as a collection of individual patches, with each patch 

requiring it’s own set of mapping function parameters to be 

accurately transformed [3, 5]. Local mapping models are only 

generally used when significant, localized distortions in the image 

are observed, requiring separate mapping parameters in each of the 

differently distorted areas. The UAV-captured images for this 

project presumably do not have these localized distortions present. 

The results of experimentation with UAV-based imagery by Lopez 

et al. showed that the distortion experienced in these types of 



 

images mostly relate to the sensor taking them (i.e., The fish-eye 

effect), which are not localized to specific image regions [4]. They 

were able to filter out the global, sensor-induced distortion and then 

proceed with a global mapping function to produce accurate results. 

Therefore, global mapping functions should be used in this project 

too. Bivariate polynomials of low degrees are frequently used as 

global transformation models. Three types of these models, from 

least general and computationally intensive to most, are similarity 

transform, affine transform and perspective projective transform 

[3, 19]. Similarity transform works well for simple scaling, 

translation, and rotation transformations only. Affine transform 

handles multi-view registration better, given that the sensor is a 

suitable distance away from the field, proportional to the size of the 

field. Perspective projection models are used when the distance 

requirements of affine transformation are not met [3]. Due to this, 

depending on the altitude of the UAV taking the pictures, either 

affine transformation or perspective projection models should be 

used for this project. 

2.4 Image Transformation 

The final step in the overall registration is the transformation and 

resampling of the sensed image to overlay the reference image, 

using the mapping functions defined in the previous step [3, 5, 19]. 

This step involves transforming each pixel in the sensed image 

using either a single, global mapping function or a local mapping 

function (the parameters of which depend on region of the image 

the pixel falls under) [5]. An intuitive, forward-based approach to 

this image transformation is to directly transform each pixel in the 

sensed image, using the mapping function, to lie on the reference 

image coordinate system [3]. However, this approach can lead to 

overlapping transformed pixels or holes in the transformed image. 

This is due to rounding or discretization in the coordinate mapping 

process [3]. This is undesirable in this project as Aerobotics 

requires accurate and complete othomosaics for analysis purposes. 

Therefore, an alternative interpolative approach to transformation 

and resampling should be used. This approach uses the target pixel 

coordinates of the mapping function (on the reference coordinate 

system), as well as the inverse of the mapping function to transform 

the sensed image pixels [3]. This enables interpolation of the sensed 

pixels on the reference image grid, ensuring no overlaps or holes 

can occur. Various interpolation methods have been used for this 

step of image registration. Common ones in include the nearest 

neighbour, bilinear and bicubic functions [20]. Nearest neighbour 

methods are relatively out of date with newer interpolative 

approaches. Bilinear functions are shown to provide a good tradeoff 

between computational complexity and output accuracy, with 

higher order functions like cubic methods, providing better 

accuracy at a greater computational cost [3]. Depending on the 

computational and time complexity requirements of this project 

either bilinear or bicubic functions (along with their modern 

refinements and alternatives) should be considered for this stage of 

the registration. 

 

 

3 IMAGE MOSAICKING METHODOLOGIES 

UAV-based orthomosaic images are created through the alignment 

of several overlapping images taken of a particular scene of interest 

through the registration of these individual images, this is called 

image mosaicking [21]. The result of this process is an undistorted 

map with a field of view encompassing the input images that 

preserves the original resolution of these input images [22]. As the 

aim of this project is mainly about the registration of pre-

constructed orthomosaics to enable subsequent trend analysis, 

literature over image mosaicking methodologies will be lightly 

reviewed without going into significant depth over their 

implementation. Instead, a brief overview over different types of 

mosaicking methodologies will be provided for the sake of 

providing useful context to the orthomosaic theme of this project. 

The overall mosaicking process can be divided in to 4 steps of 

image processing: registration, reprojection, stitching and 

blending [21]. The reprojection and stitching steps mentioned here 

relate to the transform model estimation and transformation steps 

of the registration process mentioned above. The blending step is 

applied after the individual input images have been stitched 

together to minimize any discontinuities in the global appearance 

of the mosaic (caused by misalignment errors) [21]. Ghosh & 

Kaabouch propose that mosaicking algorithms can be classified 

according to their registration and blending method [21]. As such, 

the orthomosaic method used by Aerobotics are presumably in the 

feature-based registration class of mosaicking algorithms, 

assuming their provided feature descriptor was used in the feature 

matching process (2.2). Existing mosaicking algorithms rely on 

inter-image holography computation, to produce an accurate 

registration, based on the assumption the area of interest is a planar 

scene [23]. However, this assumption only holds when the images 

are taken from a sufficiently high altitude. Li & Isler proposed a 

new novel mosaicking technique that removes this limitation and 

showed that it produced efficient and accurate results, specifically 

in an agricultural context [23]. This method could be employed in 

the mosaicking process used by Aerobotics to ensure accurate 

results are produced from images captured at low altitudes. More 

recent trends in the mosaicking field include the use of enterprise 

software to automate the mosaicking process, from drone flight 

planning to automated orthomosaic generation [2, 24, 25]. The 

image processing platform “Pix4D Mapper Pro” seems to be a 

popular choice for this, which is based on the structure-from-

motion algorithm. Hung et al. showed that orthomosaics derived 

this way exhibit a high level of positional precision, making it a 

viable option for producing orthomosaics, if the project requires 

[2]. Another recent trend in the mosaicking field is the emergence 

of hyperspectral or multispectral orthomosaics, combining images 

taken from different sensors [4, 24, 25, 26]. This is especially used 

in the field of Precision Agriculture as the wide array of spectral 

and thermal information provided by these images provide valuable 

insights in to crop health and growth. Lopez et al. proposed a multi-

layered framework for the registration and mosaicking of 

multispectral images using the ECC feature matching algorithm 

(see section 2.2.1). The incorporation of multispectral mosaicking 



 

 

 

 

is left as proposed future work, currently out the scope of this 

project. 

4 FEATURE TRACKING 

The recommended orthomosaic registration approach for this 

project is a feature-based registration method using an invariant 

descriptor for feature detection (which is Aerobotics’ own tree 

instance segmentation model). An issue arising from this approach 

stems from the rule that the choice of detected feature should be 

stable in time and stay in fixed positions throughout all images [3]. 

This property is required for the feature descriptions generated by 

the feature detector to be invariant in all the multitemporal 

orthomosaic input images being registered. This is necessary for an 

accuracy in the feature matching step of registration [3]. However, 

trees are not fixed in size and position by nature, they can grow, 

wither and shift over time. Therefore, in order to ensure the 

accuracy of the registration, additional feature tracking should be 

implemented to ensure that the feature descriptions of the same tree 

remain invariant over time. A basic requirement for this tracking of 

trees is a storage model for the tree description. Lopez et al. 

proposed a geospatial database model for this purpose [4]. This 

model records details about the feature as well as it’s generated 

identifying description (which was a bounding polygon in their 

experiment, just like the descriptions generated by our descriptor). 

They showed that this model is effective for tracking growth and 

change in crops overtime. Therefore, a similar model to theirs can 

be used effectively in our project for feature tracking. Using this 

database model, each unique feature detected in the input mosaics 

being registered would have a unique ID with a field for it’s 

description (which would be the contours of it’s bounding polygon 

in this case). Additional fields that should be added to improve 

tracking are GPS coordinates of the feature’s CP (control point) and 

it’s spatial relation other CPs. Hung et al. showed that GPS 

coordinates of individual CPs in a mosaic can be accurately derived 

using the GPS metadata of the input images [2]. And spatial relation 

between CPs can be used to determine matching CPs (section 2.2.2) 

[3, 5]. The population of this database is intended to occur during 

the feature matching stage of registration. As images are detected, 

the mentioned fields will be populated. Some sort of statistical and 

probabilistic analysis should then determine if the detected features 

match any other features in the database based on the similarity of 

their data fields. A probabilistic model that could be used for this is 

a Bayesian Network, as it has been shown to accurately track and 

match objects in videos [27-29]. This video object tracking is a 

relatively similar concept to the multitemporal feature matching in 

images required for this project. 

5    CONCLUSIONS 

Various registration techniques, relevant to the aim of this project 

were reviewed and their suitability to the requirements of this 

project were discussed. The results of these discussions formulated 

the following conclusions: The best method for the registration of 

the orthomosaics produced by Aerobotics is a feature-based 

registration method. Specifically, one that uses the provided tree 

instance segmentation model to detect salient tree objects in the 

images and produce a bounding polygon description of the tree in 

the feature detection phase. Following this, it should then perform 

feature matching based on the similarity of the invariant description 

of the detected tree instances (this being the bounding polygon) in 

the feature matching step. Next, an affine transformation model 

should be used to transform the sensed image on to the reference in 

the transform model estimation step. And finally, a bilinear or 

bicubic interpolation model should be used to resample the sensed 

on to the reference image during the final transformation stage of 

the registration process.  

An observed gap in the literature reviewed is that all the feature-

based registration methods that were analyzed required that the 

feature being detected be stable through time. Meaning it’s 

generated description in the detection phase must be invariant in all 

the images being registered, even if they’re taken at different dates. 

This is not the case in this project due to trees being used as our 

features. Trees could very well change over time as they have the 

potential to grow, wither or even move. More research could be 

done in the field of registering images using features with 

significant potential to change over time. An additional step of 

feature tracking is proposed as a potential solution for this 

challenge. This involves storing each uniquely detected feature, 

along with it’s characteristics like it’s bounding polygon 

description, coordinates and inter-feature spatial relations, in a 

geospatial database. Statistical and probabilistic models (like a 

Bayesian Network) will then use this data to aid the feature 

matching process, ensuring a robust and accurate feature-based 

registration process despite the use of temporally unstable trees as 

features. 

In conclusion, there is a lack of feature-based registration 

techniques using temporally unstable features as control points. 

This presents an opportunity for this project to contribute to the 

image registration field by filling this knowledge gap with the work 

it will be conducting. 
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