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ABSTRACT
Recently, miniaturized hyperspectral sensors, operable from small Remotely Piloted
Aerial Systems (RPAS), have entered the market and some of these sensors acquire
hyperspectral bands in frame geometry. Images of the lightweight hyperspectral 2D
frame camera can be used to generate high-resolution hyperspectral digital surface
models (HDSMs), without the registration of data from different sensors or different
dates of acquisition. HSDMs increase the knowledge about the targets since it allows
modeling the target reflectance using data coming from different directions. In this
study, the hyperspectral 2D frame camera used does not acquire all bands
instantaneously, causing band misalignment due to the platform motion. The main aims
of this project were to study and develop techniques for the generation of HDSMs in
forest areas, studying and assessing the main steps to process the hyperspectral 2D
frame camera images until the HDSM generation. Considering that the camera
technology is based on tunable filters, the study have assessed the orientation and DSM
generation steps: the self-calibrating bundle adjustment to verify the behaviour of the
interior orientation parameters using different spectral bands; the co-registration of the
bands using 2D geometric transformation; the exterior orientation parameter estimation.
Regarding to the DSM generation, an approach based on object space image matching
was developed, adapting the vertical line locus (VLL) method for HDSM generation,
and was named as hyperspectral VLL (HVLL). Additionally, the use of image
classification data was investigated in order to adapt the image matching parameters and
improve the process of image matching for different objects (hyperspectral VLL classes
- HVLLC). Further, multiple bands were used and the spectral and multiangular
viewing geometry were computed simultaneously to the image matching method.
Quality assessment was performed by comparing to DSMs generated to those produced
by commercial software and also by Airborne Laser Scanning (ALS) data. This
investigation demonstrated that the proposed technique can be used to generate
integrated 3D information and multiangular hyperspectral data from hyperspectral 2D
frame camera. The assessment of all steps showed that the hyperspectral 2D frame
technology can provide accurate geometric and spectral data and the resulting HDSMs
have potential for several remote sensing applications.
Keywords: image matching, hyperspectral digital surface model, hyperspectral frame
camera, forest point cloud.

RESUMO
Recentemente, os sensores hiperespectrais miniaturizados entraram no mercado e alguns
modelos adquirem bandas hiperespectrais com geometria de quadro, com a vantagem de
serem também operados em veículos aéreos remotamente pilotados (VARP). As
imagens deste tipo de câmara podem ser utilizadas para a geração de modelos digitais
de superfície hiperespectral (MDSHs) de alta resolução, usando o VARP, sem a
necessidade do registro de dados de diferentes sensores ou diferente datas de aquisição.
MDSHs aumentam o conhecimento sobre os alvos, uma vez que permitem modelar a
reflectância do alvo utilizando dados provenientes de diferentes direções. Neste
trabalho, a câmara hiperespectral de quadro utilizada não adquire todas as bandas
instantaneamente, causando um deslocamento entre as bandas devido ao movimento da
plataforma. Os principais objetivos deste projeto foram estudar e desenvolver técnicas
para a geração de MDSHs em áreas de florestas, investigando e avaliando as principais
etapas para o processamento das imagens da câmara hiperespectral de quadro até a
geração do MSDH. Considerando que a tecnologia da câmara baseia-se em filtros
ajustáveis, o estudo avaliou: a auto-calibração da câmara, verificando o comportamento
dos parâmetros de orientação interior em diferentes bandas espectrais; o corregistro das
bandas através de transformações geométricas 2D; e a estimativa dos parâmetros de
orientação exterior. Em relação à geração do MDS, uma abordagem baseada em
correspondência de imagem no espaço do objeto foi desenvolvida, adaptando o método
de busca em linha vertical (VLL) para a geração MDSH e foi nomeado como VLL
hiperespectral (HVLL). Adicionalmente, o uso de imagens classificadas para a
adaptação dos parâmetros de correspondência foi avaliado com o objetivo de melhorar o
processo de correspondência para diferentes objetos (HVLLC). Posteriormente, foram
utilizadas múltiplas bandas no processo de correspondência de imagens, dados como
múltiplos ângulos de visada e informação espectral foram calculados simultaneamente
ao processo de correspondência de imagens. A avaliação da qualidade foi realizada
comparando-se os MDSs gerados com os produzidos por um software comercial e por
dados Airborne Laser Scanning (ALS). Esta investigação demonstrou que a técnica
proposta pode ser usada para a geração de modelos 3D integrados aos dados
hiperespectrais multiangulares da câmara hiperespectral de quadro. A avaliação de todas
as etapas demonstrou que esta tecnologia pode fornecer dados geométricos e espectrais
precisos e os MDSHs resultantes possuem potencial para várias aplicações de
sensoriamento remoto.
Palavras-chave: correspondência de imagens, modelo digital de superfície
hiperespectral, câmara hiperespectral de quadro, nuvem de pontos de floresta.
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1. INTRODUCTION

Vegetation is one of the most important components of ecosystems, since it
covers approximately 70% of the continental earth’s surface. In Brazil, the Atlantic
Forest has one of the highest levels of species richness and endemism rates on the
planet, but biome that has suffered the greatest loss of forest (BARBOSA et al., 2014).
Information about types of plant species, their form, structure, distribution and
phenology, can provide important insights for the monitoring and knowledge of the
climatic, geological and topographic characteristics of the forest (BERGEN et al. 2009).
Hyperspectral imaging is a very powerful technology for vegetation applications
(CLARK et al., 2005; GOETZ, 2009). Hyperspectral data gives detailed spectral
information for each image pixel, and this information can be correlated with
quantitative parameters that characterize the targets. Extraction of the biophysical
parameters of vegetation from canopies (JACQUEMOUD et al., 1995; HABOUDANE
et al., 2004; CLARK et al., 2011) and forest species classification (CLARK et al., 2005;
NEVALAINE et al., 2017) are examples of the potential uses of hyperspectral data.
A 3D model of the forest areas is another complementary data for several forestry
applications, such as estimating forest biomass and volume (BERGEN et al. 2009). The
3D data can be acquired using laser scanning data (NAESSET, 1997; HYYPÄ et al.,

2012; VAUHKONEN et al., 2016), Interferometric Synthetic Aperture Radar (InSAR)
(RABUS, et al., 2003; PEDUZZI et al., 2012; SADEGHI, et al. 2016), stereoscopic
interactive measurement or by photogrammetric techniques using image matching
(BALTSAVIAS, et al. 2008; GUEN, 2012 HAALA and ROTHERMEL, 2012;
OLIVEIRA et al., 2015). Many studies use airborne laser scanning (ALS) data to derive
forest point clouds, due to the feasibility of also acquiring height data from below the
canopy (HYYPPÄ, 2008, KANKARE et al., 2012). Photogrammetric methods using
optical images can provide both 3D information with high density and texture data, but
it cannot penetrate under the canopy. Generally, the extraction of 3D geometric
information from optical images is performed using image matching methods. These
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methods can be classified as feature-based (LOWE, 2004), area-based (GRUEN, 1985;
GRUEN; STALLMANN, 1993; ZHANG, 2005a) or global methods (BIRCHFIELD
and TOMASI, 1999; SCHARSTEIN and SZELISKI, 2002; HIRSCHMÜLLER, 2005).
In the last two decades, image matching methods have advanced tremendously through
technological innovation, computational power and improvements of photogrammetric
and computer

vision algorithms

(HAALA, 2009;

RUBLEE

et

al.,

2011;

HIRSCHMMÜLLER; BUDER; ERNST, 2012). Recently, low-cost tools for
photogrammetric surveys and remote sensing using remotely piloted aerial systems
(RPAS), also known as unmanned airborne vehicles (UAVs) or Drones, have emerged
and increased interest in the use of image matching techniques to generate digital
surface models (DSMs) in vegetation areas for monitoring, inventory or estimation of
forest parameters.
Commonly, images with three wide bandwidth bands in red, green, blue (RGB)
and/or near-infrared spectral regions are used in photogrammetric processes. However,
hyperspectral imaging technology have emerged new sensors and widened the potential
of their applications (GOETZ, 2009; SHAW and BURKE, 2003; HONKAVAARA et
al., 2013). Traditional hyperspectral imaging sensors are built with linear sensors
(pushbroom) or point (whiskbroom) scanning technologies, which are effective when
considering stable platforms (aerial or orbital). RPAS are dynamic platforms, thus a
pushbroom or whiskbroom sensor, onboard on it, would require a more precise inertial
navigation system. Vision based orientation technologies have also emerged
(BÜTTNER and RÖSER, 2014), since then, miniaturized pushbroom hyperspectral
sensors have recently been developed and implemented in RPAS (BÜTTNER; RÖSER,
2014; SUOMALAINEN et al., 2014). This requires more studies for a better use.
Another class of lightweight hyperspectral camera has also emerged, the
hyperspectral 2D frame cameras. A spectral 2D frame cameras employ mosaic filters or
tunable filter technologies to record spectral data in a 2D frame format geometry
(similar to traditional RGB frame cameras). The Rikola Hyperspectral Camera
(SENOP, 2017), the Cubert UHD 185-Firefly (CUBERT, 2017), or the IMEC SM5X5
(IMEC, 2017) are examples of this type of sensors. Hyperspectral 2D frame cameras
can be classified according to their image acquisition system, which can collect
registered or unregistered bands (AASEN et al., 2015). Unregistered camera systems,
such as the Rikola Hyperspectral Camera, based on the tuneable Fabry-Pérot
Interferometer (FPI) (SENOP, 2017), acquire bands time sequence mode. Registered
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camera systems use sensors with mosaic filters, which reduce the spatial resolution, and
each full resolution band is obtained by applying a demosaicking process. The Cubert
UHD 185-Firefly (Cubert, 2017) and the IMEC SM5X5 (Imec, 2017) sensors are
examples of this approach. Hyperspectral 2D frame cameras allow an object to be
imaged from different viewing angles, generating overlapping hyperspectral cubes.
Studies have evidenced that the radiometric and geometric quality of hyperspectral 2D
frame cameras are suited to photogrammetric and Remote Sensing applications
(HONKAVAARA et al., 2013; AASEN et al., 2015). In addition, RPAS show a great
potential especially for applications that require rapid survey or frequent repetitions for
temporal analyses of a phenomena (COLOMINA and MOLINA, 2014).

1.1

Motivation of this study

Using new sensors requires experimental studies and assessments and new
processing chains. In the case of tuneable hyperspectral 2D frame cameras, the
acquisition of images along each cube is performed using a complex and tuneable
mechanism. In dense tropical forest, this is rather critical because of the difficulties to
find gaps and fit visible ground control points (GCPs) for the photogrammetric process.
Therefore, in order to perform accurate 3D measurements using stereoscopic images,
the interior geometry of the camera (the interior orientation parameters, IOPs) and the
exterior orientation parameters (EOPs) must be assessed.
In the previous studies, the integration of hyperspectral and 3D data has been
performed based on feature extraction methods followed by the estimation of 2D
transformation parameters between different resolution airborne hyperspectral images
and airborne laser scanning (ALS) DSM (DALPONTE et al., 2008; AVBELJ et al.,
2015). Another method to integrate spectral and 3D information has been the use of
dual or multi-wavelength laser scanning systems, using separate monochromatic laser
sources, thus producing limited number of nonregistered spectral point clouds (WEI et
al., 2012; MATIKAINEN et al., 2017). Using only passive sensors, spectral images
from miniaturized hyperspectral pushbroom (SUOMALAINEN et al., 2014) and 2D
frame sensors (NÄSI et al., 2015; NEVALAINEN et al., 2017) have been combined to
DSMs generated from RGB images collected during the same flight based on accurate
3D registration process. Despite promising results, the use of data from different
sensors, platforms, and/or different times can lead to geometric inaccuracies, difficult
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interpretation and wrong association of spectral information to points, which may
distorts the target and inferences.
Significant improvements in the technology for capturing geometric and spectral
information have been achieved with the development of terrestrial hyperspectral laser
scanner (NEVALAINEN et al., 2014; HAKALA et al., 2015) and the hyperspectral 2D
frame sensors. Using these technologies, the generation of 3D information integrated
with spectral data for each point can be achieved directly from the same sensor.
Currently, hyperspectral LiDAR systems are still laboratory-based prototypes and not
practical for manned or unmanned flight campaigns. Alternatively, collecting 3D and
hyperspectral data by 2D frame cameras is a simple and cost-effective technique. The
generation of 3D properly associated with multiangular spectral information directly
from hyperspectral images is a topic of interest and open to developments, due the
potential such a data in several applications of environmental and agriculture (AASEN
et al., 2015, 2012; NEVALAINEN et al. 2017). Existing software packages are not
integrating the full spectral data provided by hyperspectral 2D frame cameras into the
DSM algorithm and the viewing angle geometry. These integration have been achieved
in separated process and software (AASEN et al., 2015; ROOSJEN et al., 2017).
In this context, this study focuses on a technique in which a 2D frame-format
hyperspectral sensor is used as a data source for the generation of spectral DSMs, which
will be called as hyperspectral digital surface model (HDSM), in dense forested areas.
Additionally, this study proposes the use of hyperspectral image classification data to
optimize the tuning of the image matching parameters for different classes in an object
space-based multi-image matching approach.

1.2

The project UAV-4D-Bio

This doctoral project (FAPESP grant nº 2013/17787-3) is connected to the
international project n° 2013/50426-4, entitled “Unmanned Airborne Vehicle-based 4D
Remote Sensing for Mapping Rain Forest Biodiversity and its Change in Brazil” (UAV4D-BIO), jointly funded by FAPESP and the Academy of Finland (AKA). The
objective of UAV-4D-BIO is to develop technologies for biodiversity and its change
mapping, using UAV as the sensor platform, complete object models, consisting of
hyperspectral, 3D geometry and Bidirectional Reflectance Function (BRF) response as
features, and time series of complete object models to reveal changes in time to be used
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for biodiversity mapping and for developing indicators of environmental change. The
methodology is being used in Finland in Evo test forests and in regeneration areas of
Atlantic Forest within São Paulo State.
The focus of this doctorate project is concerned with the study and development
of an automatic method for generation of DSM, connected with spectral information, in
areas of Boreal and Atlantic forests, complying with part of the UAV-4D-BIO
objectives.

1.3

Objectives

The general objective is to study, develop, implement and evaluate techniques for
the generation of hyperspectral digital surface model (HDSMs) in vegetated areas, using
hyperspectral images acquired by a 2D frame camera based on Fabry Perót
interferometer (FPI), carried by RPAS. This camera will be referred in this manuscript
as FPI camera. The main objective is achieved by carrying out the following tasks:


To estimate and analyze the behavior of the IOPs of the hyperspectral 2D frame
camera and to assess the feasibility of calibrating the hyperspectral 2D frame
FPI camera using the self-calibrating bundle adjustment with the Conrad-Brown
model for the IOPs;



To study and assess the registration between the bands of hyperspectral cubes
(acquired with the FPI camera) by 2D transformation function;



Assessment of the EOPs estimation with techniques either direct or integrated;



To study and develop techniques related to the association of the hyperspectral
images classification to the process of image matching;



To study and develop techniques for integrating spectral information to the
DSM.

1.4

Structure of the thesis

This thesis is organized in eight chapters. Chapter 1 gives an introduction of the
theme, covering the issues, motivation and the objectives of this research. Chapter 2
presents the theoretical basis necessary to the development of each step of this work,
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covering sensor modeling, image registration and georeferencing and the concepts of
image

matching

and

DSM

generation

by

integrating

spectral

information

simultaneously. The study areas used are shown in Chapter 3.
As the sensor used in this research acquires image bands in a sequential mode, the
Chapter 4 is concerned to the evaluation of band co-registration using 2D
transformation functions and drawbacks of this approach compared to other methods.
The sensor interior orientation and assessment is discussed in detail in Chapter 5.
Chapter 6 shows the different activities developed in the field work campaigns and the
external orientation of the image blocks in two different forest scenarios.
Chapter 7 comprises the description and results of the proposed method,
hyperspectral VLL (HVLL), to generate a DSM with multiangular geometry and the

hyperspectral information. The method is based on dense multi image matching
techniques, using hyperspectral 2D frame camera. The method was structured as
follows: definition of the search space; determination of the correspondences;
identification of viewing geometry and spectral data and generation of the HDSM.
Additionally, the use of image classification information to guide the matching process
was proposed and evaluated. Experiments were carried out over two study areas of
different forest. Moreover, the assessments, discussions and potential of the method are
showed in the Chapter 7.
It is worth noting that Chapters 4, 5, 6 and 7 present an overview and in troduction
about the objective, data and methods used in the investigation, followed by results,
discussion and conclusions.
Finally, Chapter 8 presents the overall conclusions about all studies and results
obtained in this research. This chapter concludes with recommendations for future
works.

1.5

Contribution of this doctoral dissertation

DSMs can be derived directly from high resolution hyperspectral 2D frame
images, since the frame cameras can provide multiple records of the object from
different viewing directions, offering the possibility of obtaining redundant stereoscopic
measurements

and

analysing

the

multidirectional

(HONKAVAARA et al., 2013; AASEN et al., 2015).

reflectivity

characteristics
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Studies using multispectral orbital images (ASNER, 2000; LIESENBERG et al.,
2007) and RGB-NIR aerial frame camera (KOUKAL and ATZBERGER, 2012;
KORPELA et al., 2014) have showed that observations from multiple viewing angles
significantly contribute to the assessment of the vegetation structure (KOUKAL and
ATZBERGER, 2012; KORPELA et al., 2014). Additionally, the combination of
hyperspectral image data and 3D information, from ALS data (DALPONTE et al.,
2008; ALONZO et al., 2014; AVBELJ et al., 2015; HAKALA et al., 2015) or from
photogrammetric process applied in RGB images (NEVALAINEN et al., 2017) has
improved the quality of inferences about the objects in remote sensing applications.
However, the registration of data obtained from different sensors and date of acquisition
can present errors of alignment.
The integration of spectral data from hyperspectral 2D camera and 3D information
have been accomplished by Aasen et al. (2015), using a hyperspectral 2D camera with
registered bands and by Roosjen et al. (2017), using a model of the FPI camera. Both
authors used a commercial software to generate and export DSM and orthorectified
cubes and other tools to link the 3D data generated to the spectral information separated.
The lack of information about the software packages models can also cause
imperfections of spectral information association with the 3D data.
This study provides new rigorous methodology for generation of the HDSM,
contributing to the development of techniques to spread the use of hyperspectral 2D
frame sensors in Remote Sensing applications. In the area of DSM generation, the work
has showed a method of using reference classes from the hyperspectral image
classification in order to improve the tuning of image matching parameter values. The
method using pixels image classification information helped to increase the number of
points in areas of forest gaps, which can improve the quality of DTM extraction from
DSMs. The points were labeled by the classes, which can be used as initial
classification of the photogrammetric DSM. The information of gaps location in forest
can be used in vegetation analyses (KOUKOULAS and BLACKBUM, 2004; GETZIN
et al., 2014).
The well-known Vertical Line Locus (VLL) method, which is an object spacebased matching strategy, was adapted to be used with the reference classes. Traditional
techniques to improve the quality of area-based matching methods, such as adaptive
windows size and shape (KANADE and OKUTOMI, 1991; ZHANG, 2005a) and
window rectification (GRUEN, 1985; PAPARODITIS et al., 2002) were also
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incorporated in the steps of the method. Object space-based method can be considered
simpler than image space based algorithms, since the point’s 3D coordinates are directly
obtained without disparity map fusion and point cloud merging steps.
In addition, a rigorous study of the FPI camera IOPs was performed using
traditional photogrammetric approaches. Due to the difficulty of accessing inside dense
tropical forests, the planned flights will be long lines (blocks with one to two strips) and
without a homogenous distribution of control points over the image blocks. Therefore,
the exterior orientation step of the photogrammetric blocks was also assessed.
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2. BACKGROUND

This study involves the use of a new trend in Remote Sensing and
Photogrammetric data, the HDSM, which can be generated using a novel technology of
hyperspectral sensors, the lightweight hyperspectral 2D frame cameras. The image
acquisition with hyperspectral cameras based on FPI technology is achieved in a timesequential way, which results in bands with different position and orientations. When
generating an HDSM, recovering the spectral information for each ground point
requires very well coregistered spectral bands. The photogrammetric geometric process
is responsible for the accurate projection of the points to the proper pixel along the
bands of the hyperspectral cube, through the collinearity equations. Consequently, the
study and assessment of the photogrammetric geometric procedures, used to estimate
the parameters involved in the HDSM generation, are essential for the quality of this
product. In this study, the photogrammetric geometric procedures involved were: the
camera calibration, band registration using 2D mapping functions, estimation of the
EOPs and the DSM generation using dense image matching techniques.
Thus, this chapter presents major theoretical topics of the photogrammetric
processing chain in the proposed method.

2.1

Image acquisition and sensors

2.1.1 Spectral sensor and images

Optical remote sensing systems can be classified according to the number of
spectral bands collected from the reflected energy, emitted or backscattered from a
given object (JENSEN, 2009). Panchromatic imaging systems have detectors sensitive
to radiation within a relatively broad spectral range (usually in the visible region).
Multispectral imaging systems have more than one detector channel covering moderatewidth spectral bands. Goetz et al. (1985) defined hyperspectral remote sensing systems
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as sensors capable of recording hundreds of contiguous spectral bands. Later, Goetz
(2009) states that this definition remains, but emphasized that, in comparison with the
quantity of spectral bands, the adjacency condition between the spectral bands is more
important.
In general, the remote sensing systems for image acquisition have the following
formats (SCHOWENGERDT, 2006; JENSEN, 2009):
 Whiskbroom scanners have a number of detectors aligned linearly in the
direction of the platform movement and a mirror that oscillates from side to
side by scanning the earth's surface orthogonally in the direction of motion.
Examples: Landsat Multispectral Scanner (MSS) and the Airborne Visible
Infra-Red Imaging Spectrometer (AVIRIS) of the NASA Jet Propulsion
Laboratory (VANE et al., 1993)
 Linear scanning sensors (pushbroom) have several detectors linearly aligned
perpendicular to the direction of the platform movement and the image is
formed by the displacement of the platform. Examples: High Resolution
Visible (HRV) sensors of SPOT satellites 1, 2 and 3 and the AISA series of
airborne and RPAS imaging spectrometers by Specim Ltd (www.specim.fi);
 Frame sensors have detector elements arranged two-dimensionally and the
image is formed in a single instant.
Most hyperspectral imaging sensors used in remote sensing have been based on
pushbroom or whiskbroom scanning and mounted on manned airborne (for example,
CASI)or satellite platforms (for example, HYPERION). Recently, miniaturized
hyperspectral 2D frame sensors have become available, and these stand out because of
their performance and the large number of uses to which they can be applied, such as
agriculture, environmental monitoring (HONKAVAARA et al., 2013; AASEN et al.,
2015; NÄSI et al., 2015; ZHENG et al., 2016). The Cubert UHD 185-Firefly
(CUBERT, 2017), the Rikola FPI (RIKOLA, 2017) and the IMEC SM5X5, are
examples of camera systems to record hyperspectral information with two spatial
dimensions (frame geometry). These new sensors can be transported by RPAS
platforms. RPAS have been used in Remote Sensing and Photogrammetric applications
in the recent years (COLOMINA; MOLINA, 2014). RPAS have an advantage in
temporal analyses since initialization costs of RPAS campaigns are typically lower than
those of manned aircrafts. The disadvantages, especially in low cost RPAS, are the
operation time, weight limitations and payload size supported, requiring lighter and
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smaller sensors. This implies, at present, in images with lower resolution, a greater
number of images to cover an area and information and limitations in the devices for
direct georeferencing.
Hyperspectral 2D frame imagers that are based on tuneable filter technologies
including, for instance, acousto-optic tuneable filters (AOTFs), liquid crystal tuneable
filters (LCTFs) (Gupta, 2008; Lapray et al., 2014), mosaic filters (CUBERT, 2017) or
Fabry-Pérot (FP) tuneable filters, can acquire a 2D spatial image, and the spectral
dimension is acquired as a function of time. The rigid frame geometry is particularly
important for cameras mounted on less stable platforms, such as small RPAS. In
addition, multiple records of the object can be acquired from different viewing
directions, offering the possibility of obtaining stereoscopic measurements and
analysing multidirectional reflectivity characteristics (HONKAVAARA et al., 2013;
PINTO et al., 2017; ROOSJEN et al., 2017).

2.1.2 FPI CAMERA

The VTT Technical Research Centre of Finland has developed a lightweight
hyperspectral 2D frame camera based on the FPI technology, which has been
commercialized by the Finnish company, Rikola. A FPI consists of two partially
reflective surfaces positioned parallel to each other. The length of the optical path of the
cavity formed between these reflective surfaces (the gap) determines the wavelengths
that can be transmitted through the interferometer. This is because the light rays passing
through the surfaces undergo different multiple reflections according to the gap length
(MÄKYNEN et al., 2011). Different wavelengths can be acquired by modifying this
gap, making it possible to reconstruct the spectrum for each pixel in the image (SAARI
et al., 2009; MÄKYNEN et al., 2011). The FPI camera can be carried by an RPAS and
satisfies the requirements of several applications (SAARI et al., 2009; HONKAVAARA
et al., 2013).
FPI camera has been built using two different sensor configurations. First models
had a CMOS sensor with Bayer mosaic filter with three channels (RGB), allowing to
acquire up to three bands at the same time, with single airgap value. An example of this
model is the FPI2012b camera model (prototype) shown in Figure 1 (a). In the
commercial models, such as the FPI2014 model (Figure 1 (b)), two single-color CMOS
sensors (no Bayer filter) and a beam splitting component are used. In this case, each
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sensor is responsible for a particular range of the spectrum, with only one channel to
receive energy: one of the sensors has been optimised to record the visible bands (500–
636 nm), while the other sensor has been optimised for recording the visible and NIR
(VNIR) bands (650–900 nm). In the camera internal system, the distance between the
interferometer plates is controlled by capacitive electrodes and piezoelectric actuators.
The light beam from the object passes through low-pass filters and high-pass filters to
the lens, which focuses the light onto the piezo-FPI module, reaching an array sensor
(Figure 1 (c) and (d)).
The bands of the hyperspectral data cubes obtained with the FPI camera can be
configured by the user according to the spectral range and resolution limits of the
camera. The image size can be selected as 2048 x 2048 pixels or 1024 x 648 pixels
As a result of the spectral bands acquisition process in the FPI cameras, the
spectral bands of a cube do not overlap perfectly when the camera platform is moving.
Due to this feature, each spectral band in same cube exposed to a different air gap value
has a different position and attitude, which needs to be considered in the postprocessing steps. The resulting data cubes can be seen as a set of sequential bands or, as
Aasen et al., (2015) has called, a set of bands in an unregistered band package. The
integration time is approximately 0.0333 s in the FPI2014 model. Thus, recording a
single cube with 25 bands, for instance, takes up to 0.833 s. If the RPAS is flying with a
speed of 3.5 m/s and continuous image acquisition, the horizontal displacement of the
platform between the first band and the last band is approximately 2.917 m throughout
the acquisition of the entire 25 bands. The misalignment between the sensors and
eventual attitude variations of the camera during exposure can also affect the
displacement of the bands. However, the frame images have more rigid geometry than
the pushbroom images, reducing the need for a high-grade inertial measurement unit.
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Figure 1: Two FPI hyperspectral camera models: (a) FPI2012b (Honkavaara et al.,
2013) and (b) FPI2014, with irradiance sensors and a GPS antenna. The diagrams depict
the inner optical systems of the (c) FPI2012b and (d) FPI2014 camera models (Rikola
Ltd., 2015).

FPI cameras are accompanied by an irradiance sensor and a GPS receiver (single
frequency), which records the position and the exact time of the first band of each cube.
The irradiance sensor is based on the Intersil ISL29004 photodetector with a spectral
sensitivity range of 400-1000 nm. This sensor measures the irradiance during each
exposure; because it is not calibrated, relative broadband irradiance intensity values are
obtained (HONKAVAARA et al., 2013, 2016). The dark signal is required to be
acquired before the starting to acquire the data cubes. Table 1 summarises the main
parameters of the FPI2012b and FPI2014 models.

Table 1: Spectral imager specifications for the FPI2012b and FPI2014 models (modified
from Honkavaara et al. (2013) and Rikola Ltd (2015)).
Parameter
Approximate principal distance
Spectrum
Spectral resolution
Spectral step
F-number
Pixel size (Sensor CMV4000)
Sensor size
Image size for maximal spectral
resolution
Weight
Dimensions

FPI2012b
10.9 mm
400-900 nm
10 nm, FWHM
< 1 nm
~ 2.8
5.5 x 5.5 μm
2048 x 2048 pixels
1024 x 648 pixels
(2 times binned)
< 700 g
80 x 92 x 150 mm

FPI2014
9 mm
500-900 nm
10 nm, FWHM
< 1 nm
~ 2.8
5.5 x 5.5 μm.
2048 x 2048 pixels
1024 x 1024 pixels
< 700 g
75 x 89.5 x 151.5 mm
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Due to the camera’s peculiar acquisition process, an appropriate calibration design
and a suitable analysis of the calibration data are needed. In particular, it is essential to
verify and analyze the influence of the variations in the internal elements of the camera
(the gap in the interferometer, for instance).

2.2

Image Classification

The classification process has the function of labeling image pixels or objects,
using different criteria for the distinction and identification of categories (classes)
present in the image. Classes may represent, for instance, soil types, vegetation or
buildings (SCHOWENGERDT, 2006). With the identification and classification of
homogeneous clusters, it is possible to establish hypotheses about the object or
phenomenon under study. Clustering implies grouping pixels in multispectral space.
Pixels belonging to a particular cluster are therefore spectrally similar (RICHARDS and
JIA, 2006).
Classification methods can be divided as supervised or unsupervised methods and
as pixel or region based methods (RICHARDS, 1999; SCHOWENGERDT, 2006).
Most of the classifiers perform classification by pixel, which uses only the spectral
information of each pixel to find homogeneous regions, using distance measures in
multi/hyper-spectral space or probabilities that a pixel belongs to a specific class
(MENESES and ALMEIDA, 2012).
Supervised classification requires user iteration for the algorithm training process.
The algorithms most used are parallelepiped, minimum distance, mahalanobis distance
and maximum likelihood (RICHARDS, 1999; SCHOWENGERDT, 2006). In the
unsupervised approach, the user must provide initial parameters and the training is part
of the algorithm process. The main non-supervised classification algorithms used in the
Remote Sensing community are ISODATA and K-means (RICHARDS, 1999).
Several factors can cause confusion between the spectral signatures of the targets,
such as topography, shadows, problems in sensor calibration, and the mixture of target
responses (SCHOWENGERDT, 2006; HONKAVAARA et al., 2012b).
Classification processes can be applied to extract only specific classes of interest
from the analyst, such as shadow areas. Shadow can cause occlusions in the objects;
however, these areas can be treated as a source of geometric and semantic information.
Its location can provide clues about the shape and variation of the height of the objects
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(POLIDORIO et al., 2003). Considering dense forested areas, a critical factor of the
detection and delimitation of trees is the variation of canopy brightness, due to the effect
of leaf shadow patterns on the canopy spectral response, which is higher for highresolution images (KORPELA et al., 2011; HONKAVAARA et al., 2012b).
Spectral Angle Mapper (SAM) is a supervised classification algorithm widely
used in the classification of hyperspectral images. SAM compares the similarity
between spectra of the image and the reference spectra (KRUSE et al., 1993). Carvalho
and Meneses (2000) pointed out some disadvantages found in the SAM similarity
metric, such as the impossibility of distinguishing between negative and positive
correlations and limitations for some types of curves. Therefore, the authors proposed
an adaptation of the SAM, the Spectral Correlation Mapper (SCM). SCM combines
Pearson’s correlation coefficient, eliminating negative correlation and maintaining the
SAM characteristic of minimizing the shadow effect, resulting in better results.

2.3

Geometric processing of frame images

2.3.1 Exterior orientation

Exterior orientation parameters define the position and orientation of the camera
at the exposure time, with respect to the coordinate system of the object space. Each
image requires six independent parameters, the perspective center coordinates (X0, Y0
and Z0) and the attitude angles (ω, φ, к) (MIKHAIL et al., 2001). In the case of linear
scanning sensors, each line of the scene defines a new beam of rays, with six EOPs.
Image orientations can traditionally be solved via the collinearity model
(Equations (1)), in rigorous photogrammetric processing. The estimation of EOPs for
single images is called the Space Resection method, and requires at least three noncollinear GCPs. The 3D coordinates of a photogrammetric point in the ground reference
system can be determined after estimating the EOPs of at least two images, using the
spatial intersection method (MIKHAIL et al., 2001). The collinearity model is given as:
x  x0  δxr  δxd  δxa  c

m11(X  X 0 ) + m12(Y  Y0 ) + m13(Z  Z 0 )
m31(X  X 0 ) + m32(Y  Y0 ) + m33(Z  Z 0 )

y  y0  δyr  δyd  δya  c

m21(X  X 0 ) + m22(Y  Y0 ) + m23(Z  Z 0 )
m31(X  X 0 ) + m32(Y  Y0 ) + m33(Z  Z 0 )

(1)

where x and y are the observed image-point coordinates; X, Y and Z are the ground
coordinates of the same point; mij are the elements of the rotation matrix; X0, Y0 and Z0
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are the ground coordinates of the camera’s perspective centre (PC); x0 and y0 are the
principal point coordinates; c is the camera’s principal distance; δxr and δyr are the
effects of radial distortion (the coefficients of which are k1, k2, k3); δxd and δyd are the
effects of decentring lens distortion (P1, P2); and δxa and δya are the effects of affinity
error (A, B). The effects of radial and decentring lens distortion have been described by
Brown (1971), and affinity effect can be estimated as presented by Habib et al. (2002).
Bundle block adjustment (BBA) is a method largely used in Photogrammetry for
the simultaneous orientation of a group of overlapping images, which greatly reduces
the number of control points required. The method estimates the image EOPs and the
3D coordinates of photogrammetric points, as well as the accuracy of the least squares
optimization. In order to estimate the IOPs of the camera within the adjustment, the
procedure requires additional parameters (Section 2.3.2). The BBA can be extended to
the Integrated Sensor Orientation (ISO) method, which combines bundle adjustment
with more accurate values for EOPs, used as weighted constraints.
EOPs can also be estimated directly using high grade GNSS/inertial system
measurements integrated with the imaging sensor (SCHENK, 1999; CRAMER;
STALLMANN; HAALA, 2000; CRAMER; STALLMANN, 2001).
A reliable image matching technique to extract photogrammetric points (tie
points) is also important. Nowadays, the extraction of points in individual images to be
used as tie points by matching can be performed by Feature Based Matching, and one of
the most popular techniques of this class is Scale Invariant Feature Transform (SIFT)
(LOWE, 2004). Recently, structure from motion (SfM) algorithms have been widely
used to estimate the EOPs of images collected with RPAS (ELTNER; SCHNEIDER,
2015; AASEN et al., 2015). SfM works similarly to traditional stereoscopic
photogrammetry approaches. In SfM methods, the IOPs and EOPs are estimated
simultaneously, by means of a redundant and iterative bundle adjustment procedure
using a dense set of features automatically extracted from multiple overlapping images,
without the need for GCPs (WESTOBY et al., 2012). GCPs are necessary to transform
the coordinates to a reference system.

2.3.2 Camera calibration

The inner orientation parameters (IOPs) define the internal characteristics of the
sensor and make it possible to reconstruct the incident bundle of rays that formed the
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image at the time of acquisition. The IOPs typically include the principal distance,
principal point coordinates, lens distortions (BROWN, 1971) and affinity coefficients
(HABIB et al, 2002, 2005). In order to generate reliable and accurate three-dimensional
data from imaging systems, accurate knowledge about these internal camera
characteristics is necessary (HABIB et al., 2006). The IOPs can be determined through
the camera calibration process and different methods can be employed when handling
different types of camera systems, such as perspective (BROWN, 1971; GRANSHAW,
1980; FRASER, 1997a; 1997b; CLARKE and FRYER, 1998; REMONDINO and
FRASER, 2006) and multi-cameras (TOMMASELLI et al., 2013; HABIB et al., 2014).
The technique that is most frequently employed for this purpose is a bundle adjustment
with self-calibration. A common mathematical model for self-calibration, based on the
collinearity equations with additional parameters, is provided by equations (1).
In the self-calibration process, the IOPs, the EOPs and the ground coordinates of
the tie points are estimated simultaneously, using the image coordinates of these points
and additional constraints. The estimation process can be performed without GCPs,
provided that a minimum of seven constraints are introduced to define an object’s
reference frame (KENEFICK et al., 1972; MERCHANT, 1979; GRANSHAW, 1980).
The frame definition can be done by constraining the six EOPs of one selected image
and one or more distances (KENEFICK et al., 1972). Using the observed coordinates
for the control points is another way to define the reference frame, but the existing
errors in the GCPs will propagate to the network, except if seven absolute constraints
are imposed. Free network adjustment is also an alternative that leads to better
flexibility, but it still requires scale definition (GRANSHAW, 1980; HAGGRÉN and
HEIKKILA, 1989). The IOPs and EOPs are highly correlated, and as a result, the
system of linearised equations can be ill-conditioned. To reduce this linear dependence,
several methods have been proposed, such as the convergent cameras method
(BROWN, 1971; KENEFICK et al., 1972), the mixed-range method (MERCHANT,
1979) and methods based on 3D close-range calibration fields (FRASER, 2013).
The image observations used for the adjustment calculations can be measured
either through automatic processes, by applying interest operators followed by an
image-matching process, or via manual/interactive measurements. These processes can
be troublesome depending on the characteristics of the scene, particularly when
homogeneous areas or repetitive patterns are present. To address this problem, specially
designed targets that can be automatically located and recognised in the acquired digital
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images have been used in the calibration fields (HEIKKILÄ, 2000; FRASER, 1997a;
HATTORI et al., 2002; SHORTIS et al., 2003). According to Fraser (1997a), the quality
assessment of camera calibration parameters tends to be limited by the accuracy of
image coordinate mensuration when analysing the consistency between the a priori and
a posteriori variance factors. However, in the case of hyperspectral images, differences
in the spectral response for each band can lead to false correspondences.

2.3.3 Epipolar geometry

Epipolar geometry is a powerful alternative for reducing the search space for
matching homologue points. Figure 2 shows an image stereo pair with perspective
centres PC1 and PC2, a point P in the object space and the corresponding points p1 and
p2 in the images. The plane defined by PC1, PC2 and P is known as the epipolar plane.
The two lines where this plane intercepts the images are called conjugated epipolar
lines. There are infinite epipolar lines corresponding to the set of planes intercepting the
images and containing the PC1-PC2 baseline (MIKHAIL et al., 2001). The epipolar lines
can be determined after the stereopar orientation has been carried out. The advantage of
epipolar geometry is that, assuming there is no error in the ray intersection, the image
points p1 and p2 must lie in a conjugated epipolar line. The images can be transformed
to normalized imagens, where epipolar lines are parallel to the image rows (SCHENK,
1999).Therefore, the search space for matching corresponding points can be restricted to
a one-dimensional problem (usually the parallax is in x direction).

Figure 2: Epipolar plane and conjugated epipolar lines. Adapted from Mikhail et al.
(2001).
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2.3.4 Vertical Line Locus

The Vertical Line Locus (VLL) method performs a geometric constraint in the
search space during the image matching process, starting from the object space to the
image space. If a point P appears on two images at least, a search interval is established
along the vertical axis Z, considering an uncertainty range with minimum (ΔZMIN) and
maximum (ΔZMAX) altitude values. The lower (ZMIN) and upper (ZMAX) bounds of P are
projected to the images following the vertical line, incremented by an accuracy step
(dZ), and the correspondence is performed by matching windows centered on points
along the projection of a vertical line.
Figure 3 illustrate the concept. Assuming the IOPs and EOPs of each image are
known, the main steps for implementing the VLL are:
(1) The planimetric position (X and Y) of a point P is selected. Maximum and
minimum values are established (ZMAX = Z0 + ΔZMAX and ZMIN = Z0 + ΔZMIN) to
limit the search range for each vertical line search; also, a dZ increment is
defined; Z0 is the approximate height of the point;
(2) The height value is calculated by Zi = Z0 + i ∙ dZ, i = 0,…, (ZMAX - ZMIN)/dZ;
(3) The photogrammetric coordinates of the point (xf, yf) are calculated for each
image, using the collinearity equations; the windows are defined taking these
image coordinates as the center;
(4) The similarity measure is calculated at the positions found in (3);
(5) Steps 2, 3 and 4 are repeated until the largest height value ZMAX;
(6) Height Zi, in the vertical line range, having the highest similarity value is
selected. This height will be the estimated height of point P.
The correlation coefficient can be used to compute the similarity (KRAUS, 2007).
Figure 3 (on the right) displays the similarity profile highlighting the point with the
maximum similarity. The search vertical range (ZMAX - ZMIN) must be considered
according to the characteristics of the region (mountainous, flat, urban buildings, etc.) as
it influences the number of correct and false matches. Furthermore, it is essential to
check the most appropriate value for the search step (dZ), since this value is directly
related to the precision and computational efficiency of the method.
The image matching process with VLL was used to recover building heights
through the integration of satellite images and IKONOS digital vector maps and images
in Lee et al. (2011). Another application in this area is presented in Ji and Yuan (2008).

40
The authors applied VLL to detect changes in urban buildings from aerial images. Wan
et al. (2010) used the method in the process of image matching for inspection of power
lines. Oliveira (2013a) implemented the VLL technique with the multiple image
matching approach and this method was tested over an urban area achieving accuracy
compatible with ALS data (OLIVEIRA and TOMMASELLI, 2013b; 2014a).

Figure 3: Reduction of the search space by the VLL method and correlation profile
generated from multi-images.

2.3.5 Image registration

Image registration can be defined as the process of establishing a mapping
function between pixels of two images acquired under different conditions, such as time
gap, difference of viewpoints, and/or by different sensors (BROWN, 1992; ZITOVÁ;
FLUSSER, 2003). After the parameters of the mapping function have been estimated,
the images can be resampled to the reference image. Image registration is an important
preliminary step for many Remote Sensing applications, such as classification,
environmental monitoring, change detection or image mosaic construction. Image
registration allows a better understanding of the change detection of the scenes. A
misleading in this procedure introduces false-rates. In addition, it is a process widely
used in the field applications of computer vision and medical image analysis.
Most registration methods follow four steps (ZITOVÁ; FLUSSER, 2003):
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Feature extraction: features (corners, edges, etc.) are detected and can be
represented by their attributes (gray levels, gradient, etc.) (HARRIS;
STEPHENS, 1988; LOWE, 1999);



Feature matching: the correspondence between the extracted features is
established, considering the descriptor attributes and similarity measures;



Estimation of transformation parameters: the mapping function parameters
between the reference image and the image to be registered can be computed
considering a bi-dimensional transformation (for example, affine, polynomial);



Image resampling: the image is transformed through the mapping functions. In
this step, one of the images can be resampled, using a suitable interpolation
method for DN values, when necessary.
Geometric transformation parameters can be applied over the whole image or they

can assume the image in multiple parts and estimate different sets of parameters for
each

region

(BROWN,

1992).

Mapping

functions

are

usually

geometric

transformations, such as similarity transformation, affine, projective or polynomial
equations. The transformation parameters can be estimated by Least Squares
adjustment.
Similarity transformation is the simplest model consisting of a rotation, two
translations and a scale. This model maintains the shape, since it preserves angles and
curvatures. Affine transformation has six parameters: a rotation, two translations, two
scales and a shearing angle, maintaining line parallelism. The projective transformation
presents eight parameters to be estimated using at least four common points. The
number of common points for estimating transformation parameters is generally greater
than the minimum number required (ZITOVÁ and FLUSSER, 2003). The accuracy of
mapping the pixels with a mathematical function is related to the differences of location
and orientations of image acquisition, sensor errors and topographical relief variation.
In the case of hyperspectral 2D frame cameras, where each band of a data cube is
acquired in a slightly different instant on a moving platform, the positions and
orientations are different. The forward movement causes a displacement (dbij) between
bands i and j, which is a function of platform velocity (v) and time difference (dtb).
𝑐

𝑑𝑏𝑖𝑗 = (𝐻−ℎ) 𝑣𝑑𝑡𝑏

(2)

where c is the principal distance, H is the flight height, h is the point height and dtb is
the time difference between the bands.
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In addition, platform movement can introduce relative orientation differences
between the bands. Due to these camera features, a registration process between spectral
bands is therefore required.
Vakalopoulou and Karantzalos (2014) analyzed the coregistration and the
performance of the descriptors SURF (Speeded Up Robust Features), SIFT and ASIFT
(Afine-SIFT) in FPI images. The bands were divided into similar spectral groups, with a
reference band for each group. After the registration within the bands of each group, the
groups themselves are registered. Affine transformation was applied showing the
registration errors using ASIFT had the best result, varying from 0.35 to 1.33 pixels.
However, the data sets used were acquired in relatively flat areas.
In Honkavaara et al. (2013), position and attitude are determined for reference
bands and this information is then applied to all other bands. However, for large
position and attitude differences among the spectral bands of a cube, an approach
considering local distortions caused by displacement due to the relief is more suitable.
BBA considering all bands would be another alternative (ROOSJEN et al., 2017), but it
is not a feasible process in the case of large number of bands.

2.4

Overview on Image Matching

Image matching is a fundamental technique in many tasks in Photogrammetry,
and widely applied in the field of computer vision, navigation, surveillance, automated
guidance, robotics and medical image analysis (GRUEN, 2012). This technique deals
with the identification and measurement of homologous points in two or more
overlapping images. In digital Photogrammetry, the important applications of image
matching include the generation of DSM, measurement of photogrammetric points and
control points for image orientation, and automatic extraction of features (GRUEN,
1985; GRUEN, 2012; SCHENK, 1999).
The correspondences established in the image space generates a parallax (or
disparity) map, which represents the depth of the pixels. The quality of this estimation is
related to many factors of the algorithm.
According to Schenk (1999) and Gruen (2012) image matching was introduced in
the early 1950s. Initially, it emerged as an analogical procedure using electrical circuits
to solve matching equations. The totally digital treatment of the matching problem
became possible with the advancement of computers in the 1970s (GRUEN, 2012).
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Least Squares Matching (LSM) methods were developed in the 1980s, (FORSTNER,
1982; ACKERMANN, 1984; GRUEN, 1985). In the 1990s, multi-view approaches
(SEITZ et al., 2006) and matching in the object space were investigated (GRUEN and
BALTSAVIAS, 1988; MAAS, 1996).
However, image matching became more competitive with the considerable
improvements

achieved

in

algorithms

and

hardware

after

the

year

2000

(HIRSCHMÜLLER, 2005, 2008; PIERROT-DESEILLIGNY and PAPARODITIS,
2006; HAALA, 2009, 2013; GRUEN, 2012; HAALA and ROTHERMEL, 2012;
REMONDINO et al., 2014). Significant recent advancements include the object-space
based approaches (ZHANG, 2005a; PIERROT-DESEILLIGNY; PAPARODITIS,
2006; OLIVEIRA and TOMMSELLI, 2014a), global optimization-based matching
algorithms, such as the Semi-Global Matching (SGM) method and the developments of
specialized hardware devices, including field programmable gate array (FPGA) and
graphics processing unit (GPU) (GEHRIG et al., 2009; HIRSCHM et al., 2012).
Image matching methods can be classified as area-based matching (ABM) and
feature-based matching (FBM). According to Scharstein and Szeliski (2002), in the field
of computer vision algorithms it can be classified as either local or global methods.

2.4.1 Image matching methods

Feature-based methods (FBMs) require the extraction of interest points, edges and
regions. Extracted interest elements are characterized by their attributes (descriptors,
features), which can be coordinates, gradient magnitude, gradient directions, size and
average brightness of regions, length, curvature, etc. Once features (descriptors) have
been extracted from two or more images, the next step is to match comparing their
attributes (features). The matching methods can use, for instance: the Euclidian distance
of the attributes, compared against a threshold; area-based matching; Random Sample
Consensus (RANSAC) to fit a geometric model, such as the affine transform; or
comparing the hamming distance, when using binary algorithm.
Moravec (1979) developed the first detector of interest points, which was
improved by Harris and Stephens (1988). Förstner (1987) detector uses auto-correlation
function to classify pixels into categories (interest points, edges or region); the detection
and localization stages are separated, into the selection of windows. Further statistics
performed locally allow estimating automatically the thresholds for the classification.
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Methods for detecting and describing scale-invariant regions (a set of pixels, not the
same regions from segmentation) were proposed by LOWE (2004). Mikolajczyk and
Schmid (2005) presented a comparison and evaluation of other group of detectors,
which are invariant to affine transformations. Recently, binary descriptors have also
emerged because of their high speed and low memory requirement (CALONDER et al.,
2010; LEUTENEGGER et al., 2011; RUBLEE et al., 2011).
Nowadays, the SIFT algorithm (LOWE, 2004) is one of the most widely used
feature detector and descriptor algorithms. SIFT detects a number of interest regions
using the Difference-of-Gaussian (DoG) operator. The points are selected as local
extrema of the DoG function and the descriptor is based on the gradient distribution in
the detected regions. SIFT is invariant to scale, rotation and small geometric distortions
(LOWE, 2004). Several adaptations of SIFT have been proposed in the literature (KE
and SUKTHANKAR, 2004; MIKOLAJCZYK and SCHMID, 2005; BAY et al., 2008).
In addition, extensions of SIFT to hyperspectral images were proposed by DORADOMUNOZ et al. (2012) and MA et al. (2017).
FBM algorithms provide a sparse set of homologous points and their attributes.
There are numerous applications for FBM methods: motion tracking, robot navigation,
panorama building, bundle adjustment, image registration and initial points for DSM
generation. The points and attributes can be used in object recognition and
classification.
Area-based methods (ABM) compare the intensity values of pixels in a small local
neighborhood of a reference window (template), with pixels of a target window in
another image using a similarity function. The function can be, for instance, crosscorrelation, correlation coefficient or sum of squared differences (SSD); and then the
result can be refined by the least squares method (GRUEN, 1985). The window defined
in the left image I1 (i, j) is assumed to be the reference template, which will traverse the
right image I2 (i, j) (search image), comparing the digital number (DN) values to each
window offset, using a similarity function. Figure 4 illustrates this process.
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Figure 4: Area-based method.

The rigid shape (square or rectangular) and fixed sizes of the correlation window
can cause problems in the ABM techniques. If the window is too small and does not
have enough intensity variations, the quality of the correspondence estimation is
affected by the low signal/noise ratio. On the other hand, when the windows are larger
covering a region with suitable DN gradient, the position of the matched point may not
be true because of the geometric distortions (ACKERMAN, 1984; KANADE and
OKUTOMI, 1991). In order to overcome these difficulties, some methods of
correspondence using windows with adaptive sizes or positions (or both) have been
proposed (KANADE and OKUTOMI, 1991; FUSIELO et al., 1997; CHAN et al.,
2003).
Kanade and Okutomi (1991) proposed a statistical model to select the window
size in each image pixel which produces the parallax estimate with the least uncertainty.
The technique controls not only the size, but also the shape of the correspondence
windows. The window size starts from 3x3, and then, if not enough similarity is
achieved, the window size rises by one pixel in one of the four directions (x +, x-, y + or
y-). If the expansion increases the uncertainty in the parallax estimation, the template
stops increasing in that direction and starts the process in a different direction. The
process is performed for each direction and, at the end, the direction with the smallest
error is selected.
Other matching methods using windows with adaptive sizes or shapes (or both)
were developed by Fusiello et al. (1997), Zhang, (2005b), Chan et al. (2003) and Zhang
(2005) or using adaptive windows based on image segmentation (TAO and
SAWHNEY, 2000; BLEYER and GELAUTZ, 2005). Additionally, to reduce the effect
of projective distortion some authors wrap the image window according to the EOPs of
the image and a surface which corresponds to orthorectify the templates (GRUEN,
1985; HARTLEY, 1999; ZHANG, 2005a; BETHMANN; LUHMANN, 2011).
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Local and Global matching

According to Scharstein and Szeliski, (2002), the local and global stereo matching
algorithms generally have four steps: (1) matching cost computation; (2) cost
aggregation; (3) disparity computation/optimization; and (4) disparity refinement.
Local methods compute the disparity (parallax) map of a point based on the
intensity values within a finite window. Some of the algorithms can be divided into
steps 1, 2 and 3 (SCHARSTEIN and SZELISKI, 2002):
1. Compute the cost of correspondence, in this case, the squares difference of the
intensity values in a given parallax;
2. The aggregation is performed by adding costs of correspondences from the square
windows with constant parallax;
3. Parallaxes are calculated by selecting the minimum value added to each pixel.
Global methods usually work directly on the disparity calculation step. Initially, a
global cost function, which combines data (step 1) and smoothness term need to be
defined, then an optimization algorithm is used to find the minimum cost. Examples of
optimization algorithms are max-flow, graph-cut and dynamic programming methods
(SCHARSTEIN and SZELISKI, 2002). While max-flow, graph cuts and belief
propagation work in a two dimensional optimization problem, dynamic programming
approaches perform the optimization in independent scanlines in polynomial time.
However, commonly it leads to streaking effects. Local methods have a simpler
structure and larger efficiency compared to global methods. However, local methods are
more problematic in homogenous areas (GU et al., 2008).
Hirschmüller (2005) developed the SGM method, which approximates a twodimensional global aggregation matching cost constraint by computing the pixel
matching cost through several one-dimensional paths in the image. This strategy
minimizes

the

streaking

effect

problem

of

the

dynamic

programing

(HIRSCHMÜLLER, 2008). The algorithm achieves similar accuracy to global matching
algorithms, but significantly faster than by global methods (HIRSCHMÜLLER, 2008;
HIRSCHMÜLLER et al., 2012). SGM has therefore been investigated and improved by
several researchers and industries of different fields (GEHRIG et al., 2009; HAALA;
ROTHERMEL, 2012).

47
2.4.2 Image matching problems

The performance of image matching algorithms can be affected by areas of poor
texture, occlusion, repetitive texture, difference of illumination and reflectance,
foreshortening from different perspectives, discontinuity, which represents the edges of
objects (GRUEN, 2012). Noises and reflective properties between the images cause
differences in gray levels (VOSSELMAN et al., 2004, p.483). In addition,
complications are caused by geometric distortions related to the orientations and relief
parameters (SCHENK, 1999):


Difference in flight height causes different scales and with different rotation
angles between two images, the same image pixels correspond to different
locations in the object space.



Effect of sloped surfaces: image pattern shapes corresponding to a sloped planar
ground patch in object space are geometrically different. If the slope of the
surface reaches a critical angle, it will not be visible in the consecutive image,
producing the occlusions.



3D discontinuity areas: each pixel of the image matching window represents a
surface with different elevations, so the conjugated pixels represent different
locations in the object space. This will lead to a smoothing of the surface or to a
spatial shift of the 3D structure of one half of the window size. This problem can
be solved by using small window sizes or using windows with adaptive shape.
The problems discussed above mainly affect the outcome of area-based matching

methods. In general, feature-based methods suffer the effects of geometric distortions
much less (SCHENK, 1999). One way to avoid these problems is to restrict the search
space and to use good approximations, which can avoid false correspondences and
ensure the convergence of the function (SCHENK, 1999).
The precision of 3D reconstruction is affected by precision of IOPs and EOPs,
matching precision, intersection angles and by the stereoscopic base-to-height ratio
(B/H). Assuming that the baseline (B) and the principal distance (c) have no errors, the
precision (σZ) of height (H) for a point from a stereo measurement in relation to the
image space measurement accuracy (σpx ) can be expressed as (KRAUS, 2007):

𝜎𝑧 =

𝐻𝐻
𝐵 𝑐

𝜎𝑝𝑥

(3)
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Equation 3 shows that the precision of the photogrammetric measurement is a
function of the image scale (1/(H/c)) and the base-to-height ratio. The base-to-height
ratio (B/H) describes the intersection geometry quality. Small base-to-height ratios
result in a weak ray intersection geometry. However, when the ratio increases, the
image differences and consequently the matching difficulty increases and the number of
points can become lower. The impact of multiple stereo image pairs with different baseto-height ratios on the dense image matching quality was evaluated in (HAALA, 2011;
WENZEL et al., ).

2.4.3 Image and Object Space correspondence

The matching methods can be performed directly in the image space or using the
projection of the image to the object space. In the case of image space, only the relative
orientation between the images is necessary. Usually, images are resampled to the
epipolar geometry before calculating the matching function, such that the epipolar lines
become parallel. To obtain the three-dimensional positions of the points in the object
space the photogrammetric intersection is executed after the determination of the
homologous pairs (PAPARODITIS et al., 2002).
Object space correspondence is guided by the projection of points in the object
space to the image space. Each cell of the template defined in the object space, with the
center at (X, Y) and an approximate height Z0, is projected to the reference and search
images and an intensity value is assigned to each of them. Then, matching is performed
in rectified templates. The resolution of the templates is equivalent to the images
resolution. The displacement of the windows in the images is given by varying the
height of the point, from a minimum to a maximum value (GRUEN; BALTSAVIAS,
1988; MAAS, 1996; PIERROT-DESEILLIGNY; PAPARODITIS, 2006).
Both processes are widely used in photogrammetric applications, such as the
generation of DSM, since they help to reduce the effects due to perspective deformation
and relative rotation between the planes of the images.

2.4.4 Correspondence of different spectral bands

Image matching algorithms are mostly performed using a single band of the
images. Color can be considered an important attribute to distinguish elements present
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in an image and for reducing the number of false correspondences, since spectral
differences of the targets may help to discriminate them. Some studies can be found in
the literature showing the best performance of the correspondence when using
information from the RGB bands. Silva et al. (2007) tested the use of RGB and HSI
models (hue, saturation and intensity) in image matching and showed that color
increases the matching quality. Most of the studies in image matching, using
hyperspectral images, are based on FBM algorithms to extract homologous points for
the image registration process (ABDEL-HAKIM; FARAG, 2006; BROCKELBANK
and YANG, 1989, CHAMBON and CROUZIL, 2005, HAJJDIAB et al., 2012). A few
studies have used dense image matching approaches (KOSCHAN, 1993; MUHLMANN
et al., 2001; FOOKES et al., 2004).
Originally, SIFT considered only grayscale images, but given the potential of
using color information, several color-based SIFT descriptors were developed. For
example, Abdel-Hakim and Farag (2006) implemented the technique called C-SIFT
(Colored SIFT), in which R, G and B channels are used in constructing of the
descriptor. Montesinos et al. (2000) presented an adaptation to the Harris method of
detecting points of interest considering colour images. The authors propose a
radiometric invariant vector of descriptors. Hajjdiab et al. (2012) created an extension to
the method of Montesinos et al. (2000), in which they use a near infrared image (NIR),
in addition to the visible images.
Compared to multispectral data, the spectral resolution of hyperspectral data
offers greater potential for increasing targets discrimination and the quality of this
detection. However, some bands may be discarded due to mutual correlation, sensor
problems, and low dynamic range. Mukherjee et al. (2009) used some concepts of the
SIFT technique to develop a method of extracting interest points in hyperspectral
images. These authors used principal component analysis to reduce computational load
and to reduce problems such as artifacts in the image, caused by linear scanning
characteristics or sensor defects. In this technique, the process starts by generating a
new set of images in which each pixel value is a linear combination of the original
values. The generation of space-scale representation (LOWE, 2004) is performed
individually on each PC. The stage of detection of extreme local candidates follows
Lowe (2004).
Similarly, Dorado-Muñoz et al. (2012) used the idea of the SIFT descriptor to
consider directly the vectorial nature of each pixel of the image directly. The proposed
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method uses a non-linear diffusion vector to generate the space-scaling of each layer of
the hyperspectral image. Vector ordering methods were used for the detection of local
extremes and an extension of the Hessian matrix to reject ill-defined points on edges.
The treatment and manipulation of hyperspectral data for DSM generation
considering dense correspondence methods is still a challenge to be studied in order to
select techniques that enable more optimal use of all the information aggregated from
the data, avoiding redundant data and the great computational cost.

2.5

Digital Elevation model

Digital elevation model (DEM) can be defined as a general term for a numerical
representation of any type of surface elevation data. DTM refers to a specific type of
DEM, which represents the bare soil surface, limited by elevation of the terrain without
features above it, such as vegetation or buildings (PAPARODITIS and POLIDORI,
2002; EL-SHEIMY et al., 2005). On the other hand, DSM contains the elevation of
points from the ground or above ground area (such as trees and anthropic features)
(PAPARODITIS and POLIDORI, 2002).
The main techniques for representing a given surface in a digital form are (ELSHEIMY et al., 2005):


Contour lines are lines that represent the same elevation along the surface,
respecting a constant interval between them. Since the surface is represented by
contour lines, it is possible to use interpolation to determine the elevation of
points between the curves (El-SHEIMY et al., 2005).



Regular grid is an array structure that stores the elevations of regularly spaced
points in the X and Y directions (EL-SHEIMY et al., 2005) related to a specified
origin.


Triangulated Irregular Network (TIN): in this data structure type, points are
connected to form a set of triangular faces covering the entire surface. The
surface is represented by a plane within each triangle. The combinations
between the three types of elements (nodes, edges, triangles) form the TIN data
structure (EL-SHEIMY et al., 2005). Usually, the most commonly used
triangulation is based on the Delaunay criteria. This criterion considers that, for
each triangle, the circumference of the three vertices must not contain any other
point of the data set.
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A set of points with their 3D coordinates (X, Y, Z), and available attributes (color,
intensity of the return pulse) can be also referred to as 3D point cloud (REMONDINO
and EL-HAKIM, 2006; REMONDINO et al., 2014). 3D point clouds are usually stored
in a well-known Lidar Exchange Format (LAS format) (ASPRS, 2017). The LAS file
format is a public binary file standard that preserves 3D information and the nature of
the LiDAR (Light detection and ranging) data. This format was proposed by the
American society for Photogrammetry and Remote Sensing (ASPRS) to the exchange
of LiDAR data, but nowadays it is used for any (X,Y,Z) tuplet (ASPRS, 2017).
3D points can be generated from ALS data, photogrammetric methods, RADAR
methos or classical surveying methods, using total station and GNSS receivers. These
points can be converted after wards to some of the data structures above mentioned.
DTMs can be obtained by filtering the non-ground points from DSMs or from field
surveys, which give low density compared to images and ALS.
Interpolation is also a fundamental technique for generating DSMs or DTMs, and
is used in several steps, such as quality control, surface reconstruction and terrain
analysis (LI et al., 2005). Interpolation methods can be used to convert an irregular into
a regular sample and resample one grid to another level of resolution. Commonly used
interpolation methods include linear interpolation, nearest neighbor, bilinear
interpolation, simple mean, weighted average, cubic convolution and kriging (ELSHEIMY et al., 2005).

2.6

DEM generation using image matching

The development of digital cameras and matching algorithms has increased
research and interest in using optical images to acquire spatial data from image
matching methods, as emphasized by Haala (2009; 2012), Gruen (2012) and
Remondino et al. (2014). The three-dimensional ground coordinates can be calculated
from the matched image coordinates using spatial intersection when IOPs and EOPs are
known. The collinearity equations (1) represent mapping functions between object
space (3D) and image space (2D) as a function of those IOPs, EOPs (ω, φ, к, X0, Y0, Z0)
and 3D point coordinates (X, Y, Z). When using multiple images, it is necessary to
know all the parameters involved in the orientation process for each image with a high
degree of accuracy to the best interception of the multiple rays in the object space.
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Algorithms for DEM generation from optical images usually rely on a search
space reduction method, such as epipolar search, either by resampling or by determining
the epipolar lines, or using VLL (2.3.4). A coarse-to-fine approach using hierarchical
levels of image resolution is also important. According to Gruen (2012), an important
aspect of DSM algorithms is correspondence with adaptive determination of the
matching parameters (search window, thresholds, etc.) resulting in higher success rates
and fewer mismatches. This is done by analyzing the results of the previous levels of
the images pyramid.
Multiple image matching methods use all the available images simultaneously to
reconstruct 3D objects (GRUEN, 1996; ZHANG, 2005; HAALA, 2011). Multiple
image matching combines information redundancy, increasing correspondence success
and reliability. Consequently, problems caused by occlusion, multiple solutions,
homogeneous areas and surface discontinuities are reduced (GRUEN; BALTSAVIAS,
1988; ZHANG, 2005b; HAALA, 2011). On the other hand, it is important to emphasize
that multi image matching techniques significantly increase the computational cost of
the algorithm.
Gruen (1985) presented an adaptation of the mathematical model of the least
squares correlation method for multi-image least squares correlation. In addition, the
collinearity equations were introduced as geometric constraints. Based on Gruen (1985),
Baltsavias (1991) developed the MultiPhoto Geometrically Constrained Matching
(MPGC) algorithm, which combines intensity matching (gray levels) with geometric
constraints derived from the intersection of multiple windows.
Recently, algorithms based on the SGM method have been widely implemented
for DSM generation with resolution at GSD level (HAALA, 2013; REMONDINO et al.,
2014). In most cases using SGM, dense matching is performed in image space
considering all possible pairs of images and the results are combined based on the
quality of the intersection rays (HIRSCHMÜLLER, 2008; HAALA; ROTHERMEL,
2012). After the determination of homologous points, image space techniques must
execute the photogrammetric intersection process to obtain 3D point coordinates in the
object space. This step is not necessary when considering matching methods in the
object space because the height of the point is obtained directly by the matching process
and the planimetric coordinates are implicit in the process. Zhang et al., (2017)
presented a new adaptation of SGM, using the VLL technique to perform the
correspondence in the object space.
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Oliveira and Tommaselli (2014a) presented and evaluated a methodology for
DSM generation using the VLL and area-based method adapted for the use of multiple
images. Experiments were performed using an area that presented elements such as
trees, repetitive patterns and homogeneous surfaces.
In order to evaluate the potential of different software, a set of reference data was
provided by ISPRS/EuroSDR (International Society for Photogrammetry and Remote
Sensing) giving rise to the Benchmark on High Density Image Matching for DSM
Computation (HAALA, 2014). The datasets included scenes recorded from terrestrial
and aerial blocks, acquired with convergent and normal (parallel axes) images, and with
different scales. Quality control was performed by analyzing the differences between
the DSMs generated by each software and the DSM obtained as the average of all. It is
worth noting that the evaluation of the DSMs was not carried out in dense forested
areas. Remondino et al., (2014) presented a review and analysis of four dense imagematching software (open-source and commercial), for the generation of dense DSM.
The results showed that research groups as well as commercial institutions
provided photogrammetric software capable of generating dense, reliable and accurate
3D point clouds. The major problems were observed in shaded areas around buildings,
trees and repetitive patterns.
Other types of the DEM can be generated from DSM and DTM, for example, the
Canopy Height Model (CHM). CHM is acquired by the subtraction of DSM and DTM,
and can used to extract metrics that are correlated with the vertical structure of the forest
(HONKAVAARA et al., 2013, PERSSON et al., 2012). Usually, CHMs are generated
using both DSM and DTM from ALS, which provides points from canopy and ground
points. The combination of photogrammetric DSM and ALS DTM has also been used
(DALPONTE et al., 2008; CLARK et al., 2011).

2.6.1 Hyperspectral DSM
Advances in hyperspectral sensors, mainly in spatial resolution, and in the
accuracy of spectral description of targets have extended the interest in combining
spectral information and high resolution 3D spatial data.
In remote sensing, radiometric values of the same point vary because of many
physical issues, such as atmospheric effects, variable illumination conditions and sensor
non-uniformity. Furthermore, values are anisotropic as a function of illumination and
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viewing direction. The bidirectional reflectance distribution function (BRDF) has been
developed to model this phenomenon (SCHAEPMAN-STRUB et al., 2006).
The bidirectional reflectance factor estimation (BRDF) describes the relationship
between geometric characteristics (zenith and azimuth angles) of solar irradiance, and
the sensor system viewing geometry (Figure 5) (JENSEN; SCHILL, 2000; JENSEN,
2009). Images of forest canopy make a complex scene due to the multifaceted geometric
shapes of the canopy, occlusions, shadows, movements, structural similarities,
variations in solar illumination and in viewing angles.
Figure 5: Bidirectional reflectance geometry. θi, θr, φi, and φr are respectively the
zenith and azimuth angles of incident (i) and reflected (r) radiance (SUOMALAINEN et
al., 2014).

The BRDF can affect the radiometric characteristics of the data, and the effect is
higher when the data are acquired off-nadir. Thus, it is important to understand the
BRDF to correct radiometric variations and as a source of information for calibrating,
validating, and increasing reflectance data accuracy (JENSEN; SCHILL, 2000). An
important data for this issue is a DSM with hyperspectral information integrated.
A point in the HDSM is composed of a spectrum of multiple cubes and their
angular properties, since the geometric relationship of Sun (azimuth and zenith)-targetsensor are known. The target-sensor relations are computed from EOP, IOP and point
coordinates. Thus, the DSM with spectral information can also be used to study the 3D
geometric and spectral properties of objects and BRDF. Classification and filtering of
objects belonging to the DSM can be improved by the integration of spectral
information.
Integration of the spectral information obtained in hyperspectral images into the
DSMs has been performed indirectly by fusing data obtained by different sensors, and,
in some cases, also at different times. In these cases, the DSM is obtained either by ALS
data or by image matching with high resolution RGB images. All the data involved are
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re-mapped to the same spatial resolution, and the spectral information is associated with
the DSM by a registration process. Avbelj et al. (2014) presented an approach for the
fusion of hyperspectral images and DSMs obtained by ALS and using contours of roofs
as reference features for data registration. The features extracted from both data were
matched and transformation parameters estimated. Dalponte et al. (2008) used a sample
of points as features to compute the transformation parameters between hyperspectral
imagens and an ALS DSM. The results showed that the integration of ALS and
hyperspectral data increased the performance of tree species identification. Other
studies have investigated the integration of hyperspectral data and DSMs generated
from RGB images (SUOMALAINEN et al., 2014; NEVALAINEN et al., 2017).
Despite promising results, the use of data from different sensors can pose several
problems, for instance: (1) degradation of the data with the resampling step, (2) errors
resulting from the inaccuracy of georeferencing, orthorectification and the registration
process; (3) occlusions due to different viewpoints of each sensor; (4) mismatches and
errors due to the different acquisition time. Hyperspectral 2D frame-format images can
be used to generate HDSM without the need of integrating DSM and spectral data from
different sensors. However, most photogrammetric or SfM software do not support
export point clouds with more than up to three DN values (usually intensity or RGB).
Roosjen et al. (2017) has used all bands in the adjustment with Agisoft PhotoScan
for estimating the every band EOPs. Aasen et al. (2015) proposed a method to derive
3D hyperspectral information from a lightweight hyperspectral 2D frame camera for
RPAs for vegetation monitoring. The hyperspectral 2D frame camera used was a Cubert
UHD 185, which acquires registered bands. The first image band of the cube is a gray
scale image with 1000 x 990 pixels and the others bands are images with 50 x 50 pixels
with wavelengths from 450nm to 950 nm. Aasen et al. (2015) used an SfM technique
implemented in a commercial pacakage (Agisoft Photoscan) to estimate the external
orientation of the cubes and to generate the DSM. The gray scale band was set as the
reference channel to perform the image matching process and the other bands were
resampled in advance to the gray scale resolution using nearest neighbor interpolation.
Because Photoscan only exports point clouds with up to three bands (in the time of the
research until now), the authors exported each orthorectified image cube separately with
the same spatial resolution as the DSM. The orthorectified cubes were then imported in
ArcGIS software, to combine the pixels containing real data (not interpolated) with the
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3D information. The resulting HDSM was used to derive biochemical and biophysical
plant parameters, which were compatible with other studies in the area.
In the context of high spectral resolution sensors, the spectral information can
contribute to the process of image matching and, consequently, to higher quality 3D
model generation. This study presents the first approach to combine simultaneously the
DSM generation and the multiangular hyperspectral data generation. The hyperspectral
2D frame sensor time-sequential acquisition mode is considered, thus the bands can
have distinct IOPs and EOPs while are related to their respective cube, allowing a
proper assignment/projection of spectral information to the 3D points.
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3. STUDY AREA AND PROPOSED METHODOLOGY

Different study areas were selected in order to access different tasks of the
photogrammetric process. The study areas are located in Brazil and Finland (Figure 6).
Figure 6: Study areas approximation location. (a) Brazil, São Paulo State. (b) Finland.
(c) Ponte Branca and Morada de Deus in São Paulo State. (d) Evo and Vesijäko,
Finland. (e) Ponte Branca fragment and (b) Morada de Deus.
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The data set of two areas, collected by the FGI research group, were used from
Finland. The first area was in Evo (61°11’10”N, 25°07’10”E), located in southern
Finland. The area is a Scots pine forest, with a tree density of 400 stems per hectare.
The tree height average is 20 m. The FPI image block was collected with flying height
from ground level of 100 m, resulting in a GSD of 10 cm. The flight speed was 3.6 m/s.
From this data only one cube was used to perform the assessment of the band coregistration process using 2D transformation functions. The study is described in
Chapter 5.
The test area used in the EOP estimation analyzes (Chapter 6) and HDSM
generation (Chapter 7) was located in Vesijako, in southern Finland (61°21’40”N,
25°6’4”E). A research forest area in the municipality of Padasjoki. The primary tree
species in the image block area was Birch (Betula pendula) with an average tree height
of 21 m. A detailed description of the area can be found in Nevalainen et al., (2017).
The data capture was carried out on 26th of June 2014, using a Tarot 960 hexacopter
(Figure 7) and during the full-leaf season.
Figure 7: FGI’s Tarot 960 hexacopter.

In Brazil, a parking area of the Morada de Deus (22°5’44”S, 52°29’48”W),
located in Ávares Machado, São Paulo State, Brasil, was used for the first flight
experiments with the RPAS acquired by Unesp.
The most part of the original Atlantic forest has been devastated and the
remaining areas are spread in small fragments, about which insufficient information is
available. The study area is one of these fragments, called Ponte Branca (22°24’51”S,
52°30’50”W), which is part of a Federal Protected Reserve, named Estação Ecológica
Mico Leão Preto (ESEC MLP), in Teodoro Sampaio, São Paulo State, Brazil. The forest
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structure contains multiple canopies that support a rich vegetation diversity, which can
be characterized as alluvial (riparian forest) or sub montane, depending on the altitude,
which ranges from 350 to 450 m. The fragment is a dense tropical forest composed of
native tree species within an area of approximately 13 km2 (BERVEGLIERI et al.,
2016).
Tropical and boreal forest have many differences in the vegetation and landscape.
Evo and Vesijäko forest has more separated high trees, and the ground is visible in
many areas, as can be seen in Figure 8. On the other hand, Ponte Branca fragment has a
dense canopy with many tree species, varying in shape and height (Figure 9).
Figure 8: Evo forest area (a) terrestrial and (b) perspective view (HONKAVAARA et al.
2014).

Figure 9: Ponte Branca fragment (a) terrestrial and (b) perspective view.

The proposed methodology of hyperspectral DSM generation using a lightweight
hyperspectral 2D frame camera based on tuneable FPI is described in the following
chapters. The processing chain was organized as follows: camera calibration; premarked target positioning and flying survey; bundle block adjustment of selected bands;
and DSM generation using multiple bands.
Before starting the process of DSM generation, it is necessary to provide accurate
IOP and EOP of the images and an approximate DSM that must be a regular grid. The
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thresholds used in the correspondence must be defined beforehand and can be changed
at each level of the image pyramid, due to the different resolutions. The DSM generated
at each level of the pyramid is interpolated and used as the initial model for the
subsequent level.
The basic steps of the DSM generation process are represented in the workflow of
Figure 10 and are detailed in the following sections. Two techniques for HDSM
generation can be seleted: (1) hyperspectral VLL (HVLL) - without classification
information; or (2) hyperspectral VLL classes (HVLLC) - using classification information.

Figure 10: Workflow of the proposed method.
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4. GEOMETRIC HYPERSPECTRAL FRAME CAMERA CALIBRATION

Hyperspectral 2D frame cameras using FPI filter, such as FPI camera, have a
complex system to acquire images along each cube. IOPs can exhibit variations due to
differences in the internal camera elements and the environmental conditions
(JACOBSEN and WEGMANN, 2002). Špiclin et al. (2010) have highlighted that
optical aberrations can vary among different spectral ranges of hyperspectral images,
potentially leading to inaccurate geometric calibrations. Bowmaker et al. (2011) have
shown that the principal point can exhibit fluctuations due to the effects of variations in
the refractive index with respect to wavelength.
The majority of investigations involving the geometric calibration of
hyperspectral systems have not estimated the rigorous physical IOPs using
photogrammetric methods. Once the UNESP’s FPI camera has not only the FPI
technology, but also two single-colour CMOS image sensors to acquire a sequence of
spectral images, it is important to investigate whether only one group of IOPs is
sufficient for representing the internal geometry of the camera.
This chapter is based on the investigation presented by OLIVEIRA et al. (2016a).
In this study, the first comprehensive analysis of the geometric calibration of a novel
kind of a FPI-based hyperspectral 2D frame camera was performed. The objectives of
this investigation were to estimate and analyze the behavior of the IOPs of the
hyperspectral 2D frame camera; to assess the feasibility of calibrating the FPI camera
using the self-calibrating bundle adjustment with the Conrad-Brown model for the
IOPs; and to assess the feasibility of coded targets in the case of this camera.
It is worth noting, that in addition to the different bands selected here, the camera
has also small differences compared to Oliveira et al. (2016a), since the company has
made some upgrades on the camera. Additionally, images were not collected in the 3D
terrestrial calibration field, but using a flat panel and some improvements in the image
measurement were done. The panel was used to verify if the differences found in the
previous work was related with acquisition problems, such as movements of the camera.
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4.1

Camera Configuration and Image Acquisition

In this study, the sequence of the bands to be acquired for the calibration process
was selected based on the spectral characteristics of the Atlantic forest tree species of
the study area. The sequence was formed by 25 bands with 1017 × 648 pixels, with 15
bands being recorded by Sensor 1 and 10 bands recorded by Sensor 2 (see Table 2).
The calibration was performed using a camera-calibration panel containing coded
targets with the ArUco codification (GARRIDO-JURADO et al., 2014; SILVA et al.,
2014; TOMMASELLI et al., 2014). Each target was 7 cm × 7 cm in size and consisted
of a rectangular external “crown” and a 5 × 5 internal array of squares arranged in five
rows and five columns (Figure 11 (a)). In order to reduce possible errors due to the
quality of the object borders definition in the bands, after the corners of a given ArUco
target were located, the centroid of the targets were computed by averaging the image
coordinates of the corners, differing from experiments developed in Oliveira et al.
(2016a), in which corners were used. Because of the narrow dynamic range of some
images, the automatic target detection failed for some corners even after applying
contrast enhancement.

Table 2: Air gaps, wavelengths and full width of half maximum (FWHM) of the cubes.
Gap (nm)
337
603
628
653
678
703
722
750
768
782

Sensor 2
λ (nm) FWHM (nm)
506.2
12.4
519.9
17.4
535.09
16.8
550.39
16.5
565.1
17.3
580.16
15.9
591.9
16.6
609
15.1
620.2
16.3
628.7
15.3

Sensor 1
Gap (nm) λ (nm) FWHM (nm)
814
650.96
14.4
498
659.72
16.8
509
669.75
19.8
519
679.84
20.5
530
690.28
18.87
541
700.28
18.95
551
710.06
19.7
561
720.168
19.3
571
729.57
19
583
740.42
17.97
593
750.16
17.97
613
769.89
18.7
625
780.49
17.4
635
790.3
17.4
666
819.66
17.85

In this study, the authors will refer to the set of bands for each acquisition as a
cube, since the camera remained static during each exposure.
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Twenty cubes were acquired, resulting in a set of 500 images. Cubes were
acquired with different positions and rotations to minimise the linear dependency
between some IOPs and EOPs. Figure 11(a) presents the target panel and the points (P1,
P2 and P3) that were used to define the reference system. Figure 11(b) shows a sample
image after target corner detection. The approximated distance between the main
stations is 2 m.

Figure 11: (a) Example of a target in the 3D calibration field at UNESP and the stations
for data acquisition, the dimensions in the calibration field, (b) the schema for the image
acquisition.

(a)
4.2

(b)

Self-calibration of FPI Camera
Three points were used to establish the object’s reference frame, providing the

minimum of seven absolute constraints to perform the self-calibrating bundle
adjustment. Point P1 was selected as the origin of the system. The distance between the
points P1 and P2 was accurately measured using a caliper with a precision of σ = 0.2
mm to define the scale of the photogrammetric network. The Y coordinate of point P2
was set to be the same as that of point P1, and thus the distance defines accurately the X
coordinate of P2. The coordinates of the remaining GCPs were introduced into the
bundle adjustment calculation as weighted constraints with a standard deviation of 3
cm, which effectively made them free unknowns. With this approach, possible errors in
the control point coordinates do not affect the IOP estimates. Therefore, the IOPs, EOPs
and object coordinates of the tie points were simultaneously estimated in the adjustment
based only on internal information, with the exception of the distance in object space.
The self-calibration adjustment was performed using an in-house software termed
Calibration with Multiple Cameras (CMC) (TOMMASELLI et al., 2013), which uses a
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least-squares combined model with constraints (unified approach as defined by Mikhail,
1976, p. 133). Three experiments were performed similarly to those described in
Oliveira et al. (2016a):
(1) Calibration 1: Individual calibration for each band. This experiment consisted
of 25 independent calibration trials of 20 images each, resulting in 25 sets of
IOPs, one set for each band
(2) Calibration 2: Individual calibration for each sensor. This experiment
consisted of one calibration trial using all of the images to estimate two IOP
sets: (a) one for Sensor 1, with the bands corresponding to this sensor, and (b)
one for Sensor 2, with the corresponding bands.
(3) Calibration 3: All images were combined in a single calibration process to
produce a single set of IOPs.
The standard deviations of the automatic image observations (σx_auto, σy_auto) were
considered to be σxauto = σyauto = 0.5 pixels. The same initial values for the EOPs and
the respective weights (σX0 = σY0 = σZ0 = 0.10 m and σω = σφ = σκ = 10°) were used in
all experiments.

Quality control
The quality of the estimated parameters was assessed based on estimated standard
deviations for each parameter and the a posteriori variances (standard error of the unit
weight), which represents the global quality of the adjustment. Statistical tests were
applied to verify whether the IOP values obtained in different calibration trials were
significantly different at a given significance level (SHORTIS and HARVEY, 1998;
HABIB et al., 2002). According Shortis and Harvey (1998) the statistical significance of
the changes in each IOP from different calibration sessions can be computed by
Equation 4.
𝑆𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑐𝑒𝑖 =

|parameter𝑖,𝑛+1 −parameter𝑖,𝑛 |
2
2
+𝜎𝑖,𝑛
√𝜎𝑖,𝑛+1

~𝑆𝑡𝑢𝑑𝑒𝑛𝑡 ′ 𝑠 𝑡

(4)

In which parameter corresponds to one of the i parameters from the set of estimated
IOPs, n and n + 1 represent the calibration experiment and 𝜎𝑛2 is the variance associated
with the parameter used in calibration experiment n. The significance value can be
tested against the Student’s t distribution, where the degree of freedom is the same of
the calibration adjustment.
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Afterwards, the Zero Rotation (ZROT) method proposed by Habib et al. (2006)
was applied to assess the impact of each IOP set in the image space using data extracted
from the calibration trials. The method does not allow for spatial and rotational offsets
with respect to the bundles, which is quite compatible with the setup used in this
investigation. First, a synthetic regular grid is defined in the image space. The two
compared sets of IOPs were applied to the simulated grid vertices to remove the
distortions, thereby generating two distortion-free grids. Since the principal distances
were different, the resulting coordinates for the new grids were projected onto the same
plane (image plane of the first IOPs set). Finally, the similarity is assessed by
computing the root mean square errors (RMSEs) of differences between the two
distortion-free grid coordinates. If the differences were within the expected standard
deviation of the image coordinate measurements, then the IOPs set could be considered
to be equivalent (HABIB et al., 2006).

4.3

Experiments and results: camera calibration

The self-calibration adjustment for each experimental configuration was
performed using ten IOPs (c, x0, y0, k1, k2, k3, P1, P2, A and B), eight (c, x0, y0, k1, k2, k3,
P1 and P2), six (c, x0, y0, k1, k2, k3) and without k2, and k3. The analysis of the results
showed that the affine parameters did not exhibit significant effects in the image
coordinates. In most cases, the elimination of the k3 did not result in considerable
differences from the results obtained with eight IOPs. However, the image coordinates
residuals increased for some bands of Sensor 2 when neglecting k3 , which means that k3
should be maintained to have the same set of parameters. The elimination of k2 and k3
increased the standard deviation of the estimated parameters and the a posteriori
variance factor. Thus, since using k2 and k3 was beneficial for most of the bands and did
not decrease significantly the results for the other bands, the set of eight IOPs was
selected to be used in all experiments in order to have the same set of parameters for the
sake of comparison.
Figure 12 presents the RMSE values of the residuals in the estimated image x and
y coordinates for each self-calibrating bundle adjustment using the IOPs: c, x0, y0, k1, k2,
k3, P1 and P2. All values were less than 0.15 pixel, consequently smaller than the
precision of automatic measurement, which indicated that the used sensor model fitted
well with the data. The RMSE values were higher for the bands 506.22 nm (Sensor 2)
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and 650.96 nm (Sensor 1), which are the first bands acquired on each sensor. The
quality of these bands was poorer in comparison to the others, having more noise. This
is probably due to the smaller FWHM (Table 2). The results for the combined
calibration (Calibration 2) of S1 and S2 were similar to the results for the individual
bands, suggesting that combined calibration for each sensor is just as good as the
individual calibrations for each band. Calibration 3 provided the highest error,
suggesting that a single calibration was not sufficient.

Figure 12: RMSE of the image coordinates residuals in the x (columns)) and y (rows)
directions for Calibration 1, Calibration 2 Sensor 1 (C2(S1)), Calibration 2 Sensor 2
(C2(S2)) and Calibration 3 (C3).

Figure 13 shows the principal distance (c) estimated for each experimental
configuration (Calibrations 1, 2 and 3) and the standard deviations of the estimated
values. The differences between the maximum and minimum principal distance in
Calibration 1 were 0.02 mm (20 μm) for the Sensor 1 bands and 0.012 mm (12 μm) for
the Sensor 2 bands and the standard deviation of principal distance among the bands
were 0.006 mm (6 μm) and 0.004 mm (4 μm), for the Sensor 1 and Sensor 2 bands,
respectively. The principal distance standard deviations estimated for Sensor 1 and
Sensor 2 in Calibrations 2 were 0.00015 mm (0.15 μm) and 0.00017 mm (0.17 μm) and
in Calibrations 3 was 0.001 mm (1 μm).
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Figure 13: Estimated values and standard deviations (error bars) for the principal
distance estimated for Calibration 1 (C1), Calibration 2 Sensor 1 (C2(S1); upper line),
Calibration 2 Sensor 2 (C2(S2); lower line) and Calibration 3 (C3; middle line).

Figure 14 presents the corresponding values and standard deviations for the
principal point coordinates. A diagram of the estimated principal point coordinates for
each experiment (Figure 15) confirms the clustering of principal point locations and the
proximity of the points among the bands of each sensor. For the Calibration 2 and
Calibration 3, the corresponding error ellipses are also shown in (Figure 15).

Figure 14: Estimated values and standard deviations for the principal point x0 (a) and y0
(b) obtained during Calibration 1 (C1), Calibration 2 Sensor 1 (C2(S1)), Calibration 2
Sensor 2 (C2(S2)) and Calibration 3 (C3).
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Figure 15: Principal point location for Calibration 1 (C1), Calibration 2 Sensor 1
(C2(S1)), Calibration 2 Sensor 2 (C2(S2)) and Calibration 3 (C3) as well as error
ellipses for the principal point in Calibrations 2 and 3.

The radial distortion parameters obtained for Calibration 3 and for each sensor
during Calibration 2 were used to calculate the sensors radial distortion curve and the
differences between them (Figure 16). The combined effect of these parameters led to
greater radial distortion for Sensor 1. The radial distortion at a radius of 3.1 mm was 0.14 mm and -0.126 mm for Sensor 1 and Sensor 2, respectively.

Figure 16: Radial distortion obtained in Calibration 2 Sensor 1 (C2-S1) and Calibration
2 Sensor 2 (C2-S2) and the difference obtained for C2(S1) – C2(S2).

The effect of the decentring distortion parameters P1 and P2 were larger for Sensor
1 than for Sensor 2 (Figure 17). This can be due to the different optical path for the two
sensors as illustrated in Figure 1 (d). The parameter variation among individual bands of
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both sensors was very small. One outlier was observed (band 11, λ = 650.96 nm, first of
sensor 1); its reason was not identified, but it can be related with image quality.

Figure 17: Decentring distortion obtained in Calibration 2 Sensor 1 (C2(S1)) and
Calibration 2 Sensor 2 (C2(S2)) and the difference obtained for C2(S1) – C2(S2).

(a)

(b)

Table 3 shows the minimum and maximum values as well as the average and
standard deviation of the IOPs estimated for Calibration 1, separated according to each
sensor. As can be seen, Sensor 1 presented the largest variations in the estimated values.

Table 3: Statistics for the 25 sets of IOPs estimated for Calibration 1, split by sensor:
minimum and maximum values and the averages and standard deviations for each group
of IOPs.

c(mm)
x0(mm)
y0(mm)
k1(mm-2)
k2(mm-4)
k3(mm-6)
P1(mm-1)
P2(mm-1)

Min
8.6611
-0.0051
-0.2797
-0.004265
-1.9635E-5
-1.3968E-6
6.3253E-6
1.3723E-6

Bands of Sensor 2
Max
Average
σ
8.6727
8.6668
0.0040
0.0079
0.0033
0.0036
-0.2715
-0.2771
0.0024
-0.004066 -0.004139 6.032E-05
1.5422E-5 -6.9947E-6 1.105E-5
8.2658E-7 -2.3269E-7 6.479E-7
2.4049E-5 1.8362E-5 5.797E-6
3.091E-5 1.3711E-5 9.796E-6

Min
8.7022
-0.0531
-0.3089
-0.004654
-6.3901E-5
-2.5363E-6
2.0705E-5
-1.8805E-5

Bands of Sensor 1
Max
Average
8.7223
8.7106
-0.0332
-0.0425
-0.2958
-0.3035
-0.004279 -0.004546
1.2535E-5 -1.2333E-5
3.0092E-6 -7.105E-7
5.8764E-5 3.2582E-5
1.6952E-5 3.2154E-6

σ
0.0056
0.0048
0.0035
9.879E-5
2.147E-5
1.531E-6
9.383E-6
1.036E-5

The similarities between the IOPs from the different calibrations were assessed by
considering the IOP sets for each sensor (the results from Calibration 2) and their
respective bands (the results from Calibration 1) using statistical testing (Equation 2).
For a 95% confidence level and degrees of freedom higher than 1500, the critical value
for Student’s t distribution is approximately 2. Thus, significance values higher than 2
(approximately) indicated a rejection of the null hypothesis (H0: parameterBAND =
parameterSENSOR), which means that the value for the parameter under analysis,
estimated for a certain band in Calibration 1, was statistically different from the
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corresponding value for parameter estimated for the sensor in the experiment
Calibration 2.
Figure 18 (a) shows that, for Sensor 2, the significance values were higher than 2
for parameters c and y0, for two bands (550.39 nm and 565.10 nm; 550.39 nm and
580.16 nm). Significance values achieved for Sensor 1, were higher than 2 for the
following parameters and respective bands: (1) c parameter, for the last three bands; (2)
x0 parameter, for 690.28 nm and 780.49 nm bands and (3) y0 parameter for 780.49 nm
band. The first band of Sensor 1 obtained significance value higher than 2 for the three
radial distortion parameters.
Figure 18: Significance (Student’s t statistics) of the parameter differences obtained for
(a) the IOPs for the Sensor 2 bands estimated for Calibration 1 (C1), and the IOPs for
Sensor 2 (C2(S2)); (b) the IOPs for the Sensor 1 bands estimated for Calibration 1 (C1),
and the IOPs for Sensor 1 (C2(S1)).

(a)

(b)
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The statistical test applied for the IOP sets estimated for each sensor in
Calibration 2 resulted in significance values from 12 to 163 for the parameters, excepted
for k2 with significance of 0.89, indicating that the IOPs for Sensors 1 and 2 were
statistically different. Exceptions were minor, thus the result suggests that the sensorrelated calibrations provided IOP which were suitable for the individual bands.
The ZROT method was used to assess the similarity of estimated IOPs of the
individual bands with IOPs for each sensor (1 and 2). The RMSE values for Sensor 2
(Figure 19 (a)) ranged from 0.48 to 7.4 μm in the x direction and ranged from 2.67 μm
to 10.93 μm in the y direction, with five bands having RMSEs smaller than one pixel in
both directions. The RMSEZROT values for Sensor 1 (Figure 19 (b)) ranged from 0.51
μm to 12.19 μm in the x direction and from 1.02 to 8.01 μm in the y direction, where
twelve bands obtained RMSE in x and y equal or smaller than one pixel x and y. The
largest RMSEZROT values for both sensors occurred in the bands 550.39 nm and 780.49
nm, same bands as the rejected null-hypothesis in the IOP c and x0 of the statistical test.
Furthermore, the RMSEZROT for the IOPs obtained for each sensor in Calibration
2 were 45.79 μm in the x direction and 18.97 μm in the y direction. Regarding the IOPs
estimated for Calibration 3, the RMSEZROT obtained by comparing the Calibration 2
(S1) were 18.58 μm in x and 7.98 μm in y, with Calibration 2 (S2) the RMSEZROT was
27.13 μm in x and 10.96 μm in y (not shown in Fig. 10).
The results of ZROT method thus presented discrepancies larger than the
expected image measurement errors (1/2 - 1 pixel), as suggested by Habib et al. (2006),
for most bands. Fixing both the IOPs and EOPs caused these discrepancies in the
ZROT. They could be caused by residuals errors and correlations in the IOP and EOP
determination, or they could be due to physical differences of IOPs of different bands,
caused by sensors misalignment and small changes in the optical paths caused by the
FPI.
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Figure 19: Results when using the ZROT method. RMSEs obtained for: (a) the IOPs for
Sensor 2 bands estimated in Calibration 1 (C1) and IOPs for Sensor 2 (C2(S2)); (b) the
IOPs for the Sensor 1 bands estimated in Calibration 1 (C1) and the IOPs for Sensor 1
(C2(S1)).

(a)

(b)

The similarities between the sets of IOPs related to Sensor

2

(C2(S2))

were

assessed considering the IOP sets for the bands of the Sensor 1 and the IOPs of the
Sensor 1 (C2(S1)) were compared with the bands of the Sensor 2 (the results from
Calibration 1) using statistical testing (Figure 20) and the ZROT method (Figure 21).
Regarding the statistical testing, the parameters c, x0, y0, and k1 of the bands were
statistically different from the parameters estimated for the different sensors. However,
the distortion parameters k2, k3, P1 and P2 presented significance values smaller or
slightly higher than 2. Considering ZROT test, RMSEs vary from 36.8 mm to 57.6 mm,
in x direction and from 13.8 mm to 29.9 mm, in y direction, which indicates a high
difference between the IOPs.
Figure 20: Significance (Student’s t statistics) of the parameter differences obtained for
(a) the IOPs for the Sensor 2 bands estimated for Calibration 1 (C1), and the IOPs for
Sensor 1 (C2(S1)); (b) the IOPs for the Sensor 1 bands estimated for Calibration 1 (C1),
and the IOPs for Sensor 2 (C2(S2)).

(a)

(b)
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Figure 21: Results when using the ZROT method. RMSEs obtained for: (a) the IOPs for
Sensor 2 bands estimated in Calibration 1 (C1) and IOPs for Sensor 2 (C2(S2)); (b) the
IOPs for the Sensor 1 bands estimated in Calibration 1 (C1) and the IOPs for Sensor 1
(C2(S1)).

(a)

(b)

The results indicate two predominant and distinct sets of IOPs for Sensor 1 and
Sensor 2. In addition, slight variations in the values for each band in the same sensor
can be observed. The values of the IOPs obtained for Calibration 2 were similar to the
sensor-related average values calculated during Calibration 1; Calibration 3 yielded
values similar to the overall average for Calibrations 1 and 2.

4.4

Discussions and conclusions

Comparing the results of the previous experiments with those presented in
Oliveira et al. (2016a) the RMSEs on the residuals of the image coordinates (Figure 12)
have decrease for all experiments and mainly for the bands of Sensor 2. This reduction
can be related to the corner detection process, which can vary along the bands due to
differences in saturation and contrast, depending on the illumination used. The use of
the centroid of the corner points instead of corner points has probable reduced this effect
for the presented results.
ZROT method simulates the situation when using the camera indirect
georeferencing mode. The results suggested that using sensor-wise IOPs instead of
band-wise IOPs could cause discrepancies on the level of 0.09–2 pixels. These results
suggest that a per-band adjustment based approach is necessary in order to obtain the
highest accuracy, but, depending on the project type, using two sets of IOP, one for each
sensor, would suffice.
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The FPI camera can be accurately calibrated via self-calibrating bundle
adjustment with the Conrad-Brown distortion model, which is the most common
approach for distortion modelling implemented in commonly used photogrammetric
software. The different experiments were conducted to analyze the IOPs similarity
along different bands and sensors and the results showed that the variations in the
spectral sensitivity caused by the air gap of the FPI did not significantly affect the IOP
values. Thus, a single set of IOPs can be used for each sensor because differences in the
IOPs for each sensor were found to be significant, and consequently, it can be
concluded that it is more suitable to determine the IOPs individually for each sensor.
The analysis of the standard deviations for the estimated IOPs indicated that the
panel with Aruco targets provided suitable accuracy for the sensor calibration since a
suitable geometric configuration is used for images acquisition.
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5. ASSESSEMENT OF BAND 2D CO-REGISTRATION PERFORMANCE

Acquisition of different wavelengths is performed by changing the air gap of the
FPI. Because of the acquisition principle, in the FPI camera system, the spectral bands
of the cube do not overlap perfectly when the system is moving. In other words, images
corresponding to different spectral bands of the same data cube have different positions
and orientations, thus a registration process among the bands is required. This chapter is
based on conference papers presented by Oliveira and Tommaselli (2014b) and
Tommaselli et al. (2015) and deals with the problem of band registration.
2D co-registration of the bands was used to perform the image classification, to be
used as information for tuning the parameters of the image matching techniques
presented in Chapter 7.

5.1

Experimental assessment

The aim of this set of experiments is to analyze the impact of two-dimensional
geometric transformations on the co-registration of spectral bands from the same
hypercube acquired with the FPI camera. The transformations were performed using
Helmert, affine, projective and second order polynomials. Two data sets from different
cameras and configurations were used. The first data cube was acquired with the FPI
camera prototype 2012b, carried by an octocopter RPAS helicopter from FGI
(HONKAVAARA et al., 2013). The area of the flight was located in Evo, Finland and
the approximated GSD was of 15 cm. The images used in this case study have
1024x648 pixels and 27 bands, but only 16 bands were selected and only one band was
used as reference in this study.
The second data set was acquired by the FPI camera 2014 in the 3D terrestrial
calibration test field at Unesp, Presidente Prudente - Brazil. The FPI camera was
installed over a pallet carrier and distance from the camera to the wall with coded
targets was 6.9 m. The platform was moved at 0.16 m/s and 0.55 m/s, in order to
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produce apparent speeds comparable to flights with RPAS speeds of 3.4 m/s and 11
m/s, respectively, for a flying height of 150 m. The camera was configured to acquire 25
bands (1023x648 pixels), and five bands were selected for the registration assessment,
taking one as reference band (band 13). Three conditions were analyzed: (1) camera
static; (2) camera moving over flat terrain; (3) camera moving over terrain with height
variations.
Figure 22 shows the displacement among the bands, due to the camera acquisition
movement, for the two scenarios (a) Finnish forest Evo and (b) Unesp’s 3D terrestrial
calibration field. The difference between the pixels of the same object in (a) can be
greater than 60 pixels, which corresponds to more than 9 m in the field.
The effect of platform movement in the band registration, with different camera
versions, can be seen in Figure 22 (a) and (b), the former being acquired by an RPAS in
Finland and the latter in a terrestrial calibration field in Brazil. This effect is highly
dependent on platform speed, distance to the object and relief displacement.

Figure 22: Band misregistration due to platform movement: (a) spectral aerial image
collected by an RPAS and: (b) terrestrial images of a calibration field with coded
targets, collected with a moving platform simulating the same apparent speed of an
RPAS.

(a)

(b)

For the two data sets, extraction of the interest points for the calculation of the
transformation parameters was carried out using Förstner operator. Distribution of
points, presence of spurious points and correctness of point detection and matching in
all bands were carefully verified during this step. Only the central band of the cube was
used as a reference, to minimize the time/position difference between bands. The
parameters of the geometric transformations were estimated and results were assessed
with 9 independent check points.
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5.2

Experiments and results of 2D co-registration

Table 4 shows the 16 spectral bands used for the Evo data set, the time and space
difference for acquisition between each band and the reference band (band number 6).
Based on the average platform speed of 5 m/s, for example, the displacement between
the camera centers from the reference band 6 to band 18 was 3.75 m.

Table 4: Band number and temporal and spatial differences in Evo forest data set.
n. Bands
Gap (nm)
dt to Ref(s)
ds to Ref(m)
ds pixels

13
14
15 16 17
3
4
24 (Ref) 6
591 611 631 652 836 409 434 1225 447
-0.83 -0.75 -0.68 -0.6 -0.53 -0.15 -0.08 -0.08
0
-4.125 -3.75 -3.375 -3 -2.625 -0.75 -0.375 -0.375 0
41.25 37.5 33.75 30 26.25 7.5 3.75 3.75
0

8
525
0.075
0.375
3.75

11
545
0.15
0.75
7.5

7
466
0.3
1.5
15

10
538
0.45
2.25
22.5

23
5
18
1204 441 884
0.45 0.6 0.75
2.25 3 3.75
22.5 30 37.5

Image coordinates of 24 points were used to estimate the corresponding
parameters of the four 2D geometric transformations (Helmert, affine, projective and
2nd order polynomial), for each pair formed between the reference band and the other
15 bands. The estimated parameters were used to calculate the inverse transformation,
back-transforming the image coordinates of the checkpoints. Figure 23 shows the
distribution of the control and check points. Table 5 shows the RMSE of the residuals in
the column and row coordinates obtained in all bands, with each transformation, for: (a)
the 24 points used in the calculation of the parameters and (b) the RMSE resulting from
the differences between 9 check points in each band after performing the inverse
transformation. The highest RMSE values in the differences occurred when using the
2D Helmert transformation, with RMSE over 4 pixels in the resultant of column and
row components, for the bands more spatially distant from each other. The smallest
RMSEs were obtained in 2D projective and 2nd order polynomial, and were smaller
than 3 pixels.

Figure 23: Image of band 447. (a) Location of control points and (b) check points.
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Table 5: RMSE of the transformation (a) control points and (b) check points.
a. Control Points
Transformation RMSE COL(pixel) RMSE ROW(pixel) RMSE Resultant(pixel)
Helmert
1.773
1.669
2.435
Affine
0.843
0.955
1.274
Projective
0.657
0.924
1.134
nd
Polynomial 2 order
0.601
0.788
0.991
b. Check Points
Transformation RMSE COL(pixel) RMSE ROW(pixel) RMSE Resultant(pixel)
Helmert
2.158
2.251
3.119
Affine
1.139
1.474
1.863
Projective
0.990
1.386
1.703
Polynomial 2nd order
0.947
1.089
1.444
In order to observe the behaviour of the registration along the bands, Figure 24
shows the RMSE of the differences in column and row of the 9 check points for each
band, after performing the inverse transformation of (a) the Helmert and (b) the
polynomial transformation. The largest RMSEs were obtained in the row coordinates,
which occurs due to the effect of parallax caused by the combined effect of the aircraft
movement during band acquisition and relief displacement. The difference in spectral
response between the bands also influenced the registration process and not only the
different acquisition time. This may occur due to the radiometric differences between
the bands, making the precise measurement of homologous points more difficult. In this
camera model, the bands n. 24 (1225 nm) and n. 4 (434 nm), for example, were
acquired at the same time, however, due to the radiometric differences from the
reference band, the discrepancies were higher for band n. 24.
Figure 24: RMSE for all bands (a) Helmert and (b) polynomial 2nd order
transformation.

(a)

(b)
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Table 6 presents the bands selected in the 3D terrestrial field data set, where
Bands 1 and 7 were acquired by sensor 2 while bands 13, 19 and 25 were acquired by
sensor 1. In this case, the parameter transformations were estimated only with the affine
transformation and second order polynomial. The experiments were performed
considering: (a) static camera; (b) low speed (0.16 m/s) and higher speed (0.55 m/s).
The configuration of control points was variable and three scenarios were considered:
(a) control points over a flat area; (b) control points with depth variations of 1 m, 10%
of the camera distance; and (c) depth variation of 3 m, 30% of the camera distance.

Table 6: Selected bands of RIKOLA DT camera and their differences in position (ds)
and time of acquisition (dt) with respect to a reference band (13).
Band n°
1
7
(Ref) 13 19
25
λ (nm)
506.07 592.78 669.96 729.56 819.74
dt to RefBand (s)
-0.4 -0.17
0
0.17
0.4
cm - 22.00 -9.35
0.00
9.35 22.00
ds to RefBand v = 0.55 m/s
pixels -54.24 -23.05 0.00 23.05 54.24
cm
-6.40 -2.72
0.00
2.72 6.40
ds to RefBand v= 0.16 m/s
pixels -16.13 -6.86
0.00
6.86 16.13
Table 7 presents the RMSE of the image coordinate residuals in the control points.
RMSEs were computed separately for points located in flat area and in an elevated area.
The differences between affine and polynomial transformations for the flat area were
smaller for bands taken by the same sensor of the reference band (19 and 25). The
polynomial function was more suitable when considering bands of sensor 2 (1 and 7) to
band 13 (sensor 1), probably because it can absorb the misalignment between the two
sensors and other distortions. In general, the magnitudes of residuals is still subpixel
when the control points are over a flat surface.
Bearing in mind that the camera is moving, the parallax effect can be seen in the
RMSE of the control points with depth variations. For instance, when the camera is
moving at 0.16 m/s (Table 7 (b)), the registration of bands acquired at the beginning and
end of the cube (1 and 25) produced an RMSE larger than 1 pixel for affine
transformation, but they were still near 1 pixel for the polynomial model. The results
with the camera moving at 0.55 m/s (Table 7 (c)) showed that, in flat areas, the bands
can be co-registered with sub-pixel accuracy. However, in areas with slope variations
around 30% of the camera distance (3 m), the parallax effect produced RMSE from 5.6
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to 12.5 pixels with affine transformation and from 2.0 to 3.6 pixels for polynomial
transformation.
Table 7: RMSE (in pixels) in control points in a flat area and controls points with 1 m of
depth variation (a) for band pairs with static camera, (b) with camera moving at 0.16
m/s and (c) (b) with camera moving at 0.55 m/s.
a. Camera static
Flat area
10 % of depth variation
Transformation\Bands 1
7 19 25
1
7
19
25
Affine
0.45 0.43 0.20 0.30 0.74 0.72 0.33 0.38
nd
2 order Polynomial 0.36 0.36 0.19 0.28 0.64 0.60 0.33 0.34
b. Camera moving at 0.16 m/s
Flat area
10 % of depth variation
Transformation\Bands 1
7 19 25
1
7
19
25
Affine
0.54 0.57 0.33 0.37 1.21 0.98 0.70 1.63
nd
2 order Polynomial 0.38 0.36 0.27 0.29 0.76 0.72 0.48 0.90
c. Camera moving at 0.55 m/s
Flat area
30 % of depth variation
Transformation\Bands 1
7 19 25
1
7
19
25
Affine
0.43 0.72 0.41 0.43 11.0 5.60 6.18 12.50
nd
2 order Polynomial 0.19 0.22 0.30 0.19 3.60 2.08 1.88 3.33
5.3

Discussions and conclusions

The results considering both aerial and laboratory/terrestrial image data sets
showed that several problems can be expected in the band co-registration of spectral
frame cameras with tuneable FPI. As expected, the experiments revealed that camera
displacements during bands acquisition, cause significant parallax effects, depending on
the relief variations, and, in some cases, the co-registration with 2D transformations will
be unreliable. Other effects in this process are caused, for instance, by the difficult to
find homologous point due to the different spectral responses of the targets.
Possible solutions are reducing the flight speed depending on the object height
variations or adjusting the GSD output to meet the registration accuracy. A potential
alternative is the use of pixel to pixel discrete mapping, based on 3D models and
relative orientation, which can be compared to orthorectification.
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6. GEOMETRIC PROCESSING OF HYPERSPECTRAL IMAGES

This chapter presents the image orientation experiments and the results of
different photogrammetric image blocks, acquired by hyperspectral 2D frame cameras
in tropical forest areas (Ponte Branca, Brazil) and a boreal forest area (Vesijako,
Finland). Surveying of control points and BBA of images to obtain the EOP were
carried out for the completion of the experiments. It is important to emphasize that the
quality of the EOP is fundamental for the whole process of DSM generation. Processing
was performed using a commercial software Agisoft Photoscan (Agisoft Photoscan,
2017), based on SfM, and the in-house software CMC, which is based on least-squares
adjustment (combined model) with constraints.

6.1

Material

6.1.1 Carrier platform and imaging system

The platform SX8 is an RPAS hexacopter multi-rotor, designed and assembled by
the Sensormap company, Brazil. This multi-rotor SX8 was equipped with an FPI
camera model 2015 (subsection 2.1.2), a Sony Nex7 (RGB) camera and a dualfrequency GNSS receiver (Novatel SPAN-IGM) (Figure 25). The total weight of this
payload is approximately 4 kg. The flight time can vary from 15 to 30 min depending
on the batteries and the payload weight.
Camera triggering and event recording was implemented with an on-board
system, which is a light version of an existing aerial acquisition system SAAPI (RUY et
al., 2009). This system was simplified to have less payload weight. GNSS-INS is
synchronized to record positions and attitude angles in every exposure of the FPI
camera (georeferencing every band of the cube) and RGB camera.
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Figure 25: The hexacopter SX8 with INS system, RGB and FPI camera.

6.2

Field work

Data collection in environments such as the Brazilian rainforest is not a simple
task. It is hard to enter and walk through the forest due to the high density of plants,
branches and lianas, as shown in Figure 26 (a) and (b). In addition, there are wild
animals such as Brazilian jaguars, wild pigs and poisonous snakes. The large number of
tree species hampers the process of measuring the heights of individual trees using
conventional field measurement tools.
The field works can be divided into two types of campaign: inside and outside the
forest. Inside the forest, the field works were conducted to collect data in sample areas
that can characterized successional stages of the Ponte Branca fragment. Six sample
areas (or plots) of 40 by 40 meters and one transect (450 m x 10 m) were surveyed
(Figure 27). All trees with trunk diameter greater than 3.8 cm (or circumference ≥ 12
cm) were identified and had their species scientific name and their diameter at breast
height (DBH) recorded. The plot corners were also surveyed using a dual frequency
GNSS receiver. It is at best difficult but usually quite impractical to establish GCPs
inside dense forests that are visible from aerial images. Figure 26 (c) shows an example
of the view above ground in such environment. The lack of open areas reduces the
viability of using GNSS receivers to collect control points (due to loss of cycle and
multipath). However, some points were surveyed, whenever possible, within the study
area Figure 26 (d) with at least one hour of recording GNSS signals.
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The campaigns outside the forest involved the establishment of GCPs for the
image block orientations, which were signalized with artificial targets. In the areas of
Plots 4, 5 and 6 and Plot 1 and 3 (Figure 27), land marks were installed (Figure 26 (e)).
Figure 26: Field work conditions in Ponte Branca forest area (a) and (b) characteristics
of the dense vegetation between trees, (c) view of the sky, (d) GNSS surveying of points
within the forest, (e) land mark installed outside the forest and (f) reference station
outside forest.

(a)

(b)

(c)

(d)

(e)

(f)

In each campaign, a base station receiver was set at a point outside the forest
(Figure 26 (f)) to collect data throughout the survey time inside the forest and during the
RPAS flight. This point was used as a reference station for the relative GNSS data
processing. Dual frequency Hiper GGD and Hiper SR GNSS receivers were used for
the survey. The collection rate was 5 seconds and 10° elevation mask. The points were
processed using the relative positioning method and the Inertial Explorer® software.
The points used as reference were processed using an RBMC-IBGE (Rede Brasileira de
Monitoramento Contínuo dos Sistemas GNSS) database, obtaining a millimeter
estimated precision. Points surveyed within the forest have lower quality (σ = 0.5 m or
higher), even with the collection lasting more than an hour in some cases.
Figure 27 presents the approximate location of the measured sample areas and the
set of control points. It is worth noting that the fieldwork campaigns were strictly
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related to the UAV-4D-Bio project, with several project members working. In addition,
a local forest inhabitant was essential to prepare possible access and paths inside the
forest and to identify the popular name of the trees species. Only the GNSS data was
used because detailed description of tree species was not subject of this study. Details of
the data collected within the plots are better described in Berveglieri et al. (2016).
Figure 27: Approximate location and distribution of sample areas and ground control
points in Ponte Branca, Brazil. Source: Google Earth.

6.3

Flight campaigns

The SX8 RPAS (Figure 25) was equipped with the RGB and FPI camera and a
dual-frequency GNSS receiver (Integrated to a Novatel SPAN-IGM Inertial Navigation
System) to acquire the image blocks with two strips. The FPI camera was configured
with the spectral bands presented in Table 2, and integration time of 10 ms. This
integration time can vary depending on weather conditions and illumination. Before
carrying out the flight, artificial targets were positioned along the border of the test area,
some of them over the surveyed GCPs. A preprogrammed flight plan was flown
autonomously using autopilot DJI, but takeoff and landing were carried out manually
for safety reasons.
Image blocks were collected in three areas of the Ponte Branca fragment, and
covered six plots and the transect (Figure 27). The three flight missions were carried out
with a flight speed of 4 m/s and at height of 160 m, which generated spectral images
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with a GSD of approximately 9 cm. Forward overlap was approximately 80% and side
overlap was 50%. The image blocks PB1 (covering Plots 4, 5 and 6) and PB3 (covering
Plots 1 and 3) consisted of two flight lines while the block PB2 (Plot 2) had only one.
The resulting GSD was about 9 cm for the FPI camera. For the RGB camera, the GSD
was about 3 cm. Ground points arranged in each block were surveyed with double
frequency GNSS receivers. A reference station was settled in the area and a double
frequency receiver collected data during the flight mission.
The FPI camera 2015 was configured with the same parameters used for the
calibration experiments (Table 2). The time difference between each band acquisition in
is showed in Figure 28. This information can be precisely computed using a spreadsheet
(SequenceInfoTool), supplied by the FPI camera manufacturer, Rikola, which provides
the time difference between spectral bands. The difference from the first to the last band
is about 0.899 s, which corresponds to a shift of 3.6 m, for a flight speed of 4 m/s. It can
also be seen that the highest difference of acquisition time, between two bands, is found
in the last band of Sensor 2 and the first band of Sensor 1.
Figure 28: Time difference (ds) in seconds between the bands of a cube in FPI camera
2015 for a flight speed of 4 m/s. Red line indicates the ending of Sensor 2.

The test area located in Vesijako, Finland (N 61°21’40”, E 25°6’4”) was flown
using a Tarot 960 hexacopter during the full-leaf season. The FPI camera prototype
2012b was used. The camera was configured with 36 bands of 1024 × 648 pixels and
the details of the band configuration are shown in Table 8. An image block with six
image strips and 97 hyperspectral data cubes was captured at the flight height of 88 m
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above ground level; at tree tops the object distance was an average 67 m. The average
GSD varied from 6.7 to 8.8 cm and the forward and side overlaps were 65% and 57% at
ground level. The flight speed was 4.6 m/s and the resulting distance between first and
last exposures of a single cube was 8.3 m. The spatial difference between each band of
Vesijako data, considering the speed of 4.6 m/s, is presented in Figure 29. It can be seen
that some bands are acquired at the same time, because of the type of sensor and filter
used in this camera (Section 2.1.2).

Table 8: Air gaps, central wavelengths, full width of half maximum (FWHM) and time
difference of the bands used in the FPI camera prototype 2012b for Vesijko flight.
λ(nm)
FWHM
(nm)
dt(s)

507.6 509.5 514.5 520.8 529 537.4 545.8 554.4 562.7 574.2 583.6 590.4 598.8
605.7 617.5 630.7 644.2 657.2 670.1 677.8 691.1 698.4 705.3 711.1 717.9 731.3
738.5 751.5 763.7 778.5 794 806.3 819.7 833.7 845.8 859.1 872.8 885.6
11.2 13.6 19.4 21.8 22.6 20.7 22 22.2 22.1 21.6 18 19.8 22.7
27.8 29.3 29.9 26.9 30.3 28.5 27.8 30.7 28.3 25.4 26.6 27.5 28.2
27.4 27.5 30.5 29.5 25.9 27.3 29.9 28 28.9 32 30.8 27.9
0.9 0.975 1.05 1.125 1.2 1.275 1.35 1.425 1.5 1.575 1.65 1.725 1.8
0 0.075 0.15 0.225 0.3 0.375 0.45 0.525 0.6 0.675 0.75 0.825 0.9
0.975 1.05 1.125 1.2 1.275 1.35 1.425 1.5 1.575 1.65 1.725 1.8

Figure 29: Spatial difference (ds) in meters between the bands of a cube in the FPI
camera prototype 2012b (FGI).

The flight lines and location of the image blocks in Ponte Branca and in Vesijako
are presented in Figure 30. The forward and side overlaps of FPI images in Ponte
Branca were 80% and 50%, respectively (Table 9). The PB2 flight had almost no side
overlaps, because it was intended to cover two plots using the same flight, for safety and
time slot reasons.

87
Table 9: Information of the flights over the Ponte Branca and Vesijako areas.
Flight
Coverage
Date
Overlaps
Weather
height
area km²
PB1 (Plot 5 and 6) 08.09.2016 80%;50% 160 m Cloudy
0.236
PB2 (Plot 2)
08.16.2016 80%; 0% 160 m Sunny
0.39
PB1 (Plot 1 and 3) 08.16.2016 80%; 50% 160 m Sunny
0.238
Vesijako
06.26.2014 53%;43% 88 m Sunny
Figure 30: Flight lines and image blocks (a) PB1 (Plots 5 and 6), (b) PB3 (Plots 1 and
3), (c) PB2 (Plot 2) and (d) Vesijako, Finland.

6.4

Image orientation

The determination of exterior orientation of images from hyperspectral 2D frame
cameras can be made by techniques similar to those used for images coming from frame
format cameras. When the image cube is formed by a set of non-registered spectral
frame bands, the bands can be oriented separately, as single frame images. The
determination of orientation parameters becomes more complex with non-registered
hyperspectral image blocks in forest areas because each band will have 6 EOPs. A
further problem is that acquisition of GCPs is not easily feasible or assessable in
tropical forest scenarios due to dense vegetation and only a few presignalized targets or
natural points outside the forest or in clearings can be used as control points. In addition
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to that, considering the RPAS operation time and the length of the forest area, the flight
has to be designed as “two-strip”, taking-off and landing in the same area. As can be
seen in Figure 31, the control points in the Ponte Branca image blocks are concentrated
only on one side of the area, which is not the best geometry for photogrammetric
blocks.

Figure 31: Geometry of image blocks and GCPs location.

Considering these real scenarios, the importance of rigorous modelling of IOP,
direct georeferencing and good block geometry is clear. Several software packages are
available to perform 3D reconstruction based on SIFT correspondence and SfM
algorithms (REMONDINO et al., 2014).
A preliminary study showed that the FPI camera could provide accurate data
when using more flight lines, rigorous model for IOP, GNSS data from direct
georeferencing and GCPs. This study was performed with FPI camera data collected in
a parking area called Morada de Deus, in Álvares Machado, São Paulo State. The FPI
image block was collected with a flying height of 100 m, forward overlap of
approximately 60% and side overlap from 10% to 20%. The commercial Agisoft
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PhotoScan (AgiSoft LLC, St. Petersburg, Russia) software was used to estimate image
orientation and generate 3D point clouds for the FPI blocks. The use of this software
has been validated in previous studies (REMONDINO et al., 2014; NÄSI et al., 2015).
This software performs 3D reconstruction SfM and dense image matching based on the
SGM method.
The double frequency GNSS receiver of the Novatel SPAN-IGM-S1 on-board the
RPAS recorded raw data with a frequency of 1 Hz. A reference station in the area was
collecting data during the flight using a double frequency receiver. The trajectory was
computed with Inertial Explorer software. In this flight, the INS (Inertial Navigation
System) system was not yet synchronized with the camera acquisition events. Thus, the
position of each band was interpolated using the time difference between the bands
computed by the Rikola SequenceInfoTool and the GPS time of the first band grabbed
by the Rikola GPS. The interpolated coordinates of the perspective centers could be
used as observations in the bundle adjustment, but the attitude angles provided by the
INS could not be inserted, except as approximated values, because the boresight
misalignment angles had not be previously determined. A total of twenty-four ground
points were surveyed with double frequency GNSS receivers; ten of these points were
used as control and fourteen as check points.
Figure 32 presents the RMSEs in the GCPs and check points coordinates obtained
in the on-the-job calibration process, using one band and using three bands (not
coregistered). The results indicated larger RMSEs for the adjustment using three bands,
excepted for the RMSE in Z for the check points. The high number of rays when using
three bands with shorter baselines can impose a solution that did not fit well for all the
object space points, because intersection angles are too acute.

Figure 32: RMSEs of GCPs and check points (CKP) from the Morada de Deus data.
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The low overlaps and the characteristics of the parking area, such as
homogeneous and repetitive patterns, contributed to problems in the detection of tie
points. Figure 33 shows the generated point clouds by using (a) one band and (b) three
bands, camera perspective centers and error estimates. Although the planimetric RMSEs
of the GCPs and check points were higher when using three bands, the sequential band
acquisition system of the FPI camera has an advantage for point cloud generation
because the use of more than one band has increased the forward overlaps and,
consequently, has decreased the occluded areas (white areas).

Figure 33: DSMs using (a) one band and (b) three bands.

These first trials were fundamental to understanding the behavior of the overall
system and data processing which would later be used for the forest data set studies.
The next topics describes the experiments and assessment of BBA, using IOPs
estimated by close range calibration, and on-the-job calibration, using software based on
SfM, with FPI camera data collected both in Ponte Branca and Vesijako.

a) Ponte Branca and Vesijako FPI image data processing with Agisoft PhotoScan:
Table 10 shows details of the three blocks collected in Ponte Branca (Brazil) and
the block collected in Vesijako (Finland) processed with Agisoft PhotoScan. For each
PhotoScan project in Ponte Branca, four bands of each cube were used as independent
images, in order to estimate their EOPs simultaneously in the processing. From the four
bands, two bands were acquired by Sensor 1 (NIR) and two bands by Sensor 2 (VIS).
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The bands correspond to the first and the last band acquired by each sensor. For the
Vesijako data set, three bands were used and only one set of IOPs as the camera model
used has only one CMOS sensor (FPI prototype 2012b, Table 1).
A GNSS/inertial system recorded data for each event of band acquisition of the
Ponte Branca blocks. The raw data was processed using Inertial Explorer® software.
The perspective centres coordinates directly computed for each band were inserted as
approximate values with 0.5m of standard deviation. GCP coordinates were inserted as
weighted constraints with a standard deviation of 2 cm.
The bands were separated into two groups with IOPs estimated for Sensor 1 and
Sensor 2 (see chapter 4). These sets were introduced into PhotoScan as pre-calibrated
values (initial, not fixed). It is unclear whether PhotoScan keeps the original values of
IOPs inserted as Australis file format, because it was noted that some parameters
inserted as equaling zero, received different values after they had been loaded.
The EOPs were estimated using image with full image resolution (option “high”
in “Align” mode of PhotoScan, Align being the Bundle Adjustment). The settings for
the number of key points per image were used as default values. The tie point outlier
removal step was performed using the automatic tools of the software, based on reprojection error (residuals) and the standard deviations of the tie point 3D coordinates.
Also, some outlier points were manually removed. The number of tie points used in the
adjustment for each block is presented in Table 10. The automated camera calibration
was performed simultaneously with image orientation (self-calibration). As a result of
this process, image EOPs, sensors IOPs and tie point coordinates were estimated.

Table 10: Agisoft PhotoScan photogrammetric block details.
Total of Spectral N. of tie
Number Number Direct geo. Coverage
GSD
images
Bands*
points
of GCPs of CkPs
sensors
area (km²)
PB1(Plot 5, 6)
1000
1,10,11,25 338553 0.10
9
4
L1L2 and IMU 0.236
PB2(Plot 2)
1148
1,10,11,25 432784 0.10
8
3
L1L2 and IMU
0.39
PB3(Plot 1, 3)
1100
1,10,11,25 374887 0.10
5
3
L1L2 and IMU 0.238
Vesijako
293
4,12,16 141335 0.08
4
0
L1
0.076

*Band characteristics are presented in Table 2 (PB1, PB2, PB3) and Table 8 (Vesijako).

Figure 34 shows the blocks from Ponte Branca and Vesijako. The image blocks
PB1 and PB3 (Figure 34 (a) and Figure 34 (d)) consisted of two flight lines while block
PB2 had only one (Figure 34 (f)). The control points were measured manually. The
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RMSE of residuals in image coordinate (reprojection errors) estimated for blocks PB1,
PB2 and PB3 were 0.53 pixel, 0.44 pixel and 0.34 pixel, respectively.
Figure 34: Schematic views of the image blocks collected with the FPI camera
(estimation of POEs and point clouds). (a) PB1 (Plots 5 and 6), (b) PB1 (Plots 5 and 6)
photogrammetric points, (c) PB1 (Plots 5 and 6) control points, (d) PB3 (Plots 1 and 3)
(e) PB3 (Plots 1 and 3) control points, (f) PB2 (Plot 2), (g) PB2 (Plot 2) control points
and (h) Vesijako block.

The RMSEs of the discrepancies at GCPs for blocks PB1, PB2 and PB3 varied
between 1.4 cm and 8.3 cm in X, between 1.3 cm and 2.7 cm in Y. For check points,
RMSEs varied between 1.14 cm and 6.7 cm in X, between 0.8 cm and 2.6 cm in Y.
These values are presented in Figure 35. Thus, planimetric errors at GCPs and
checkpoints were smaller than one GSD for all blocks. However, the RMSEs of the Z
coordinate varied between 10.9 cm and 40.5 cm at the GCPs, and between 9.2 cm and
37.2 cm at the checkpoints. The larger errors presented in Z were found in the block
PB2 (RMSEs > 0.35 cm). This is probably due to the block geometry which has only
one strip, long flight line and GCPs concentrated in the beginning of the strips (Figure
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34 (f)). Even so, these results could be considered as acceptable for the aims of the
project.

RMSE (cm)

Figure 35: RMSEs in PB1, PB2 and PB3.
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The FPI Vesijako image block was acquired with relatively small overlaps, which
is not ideal for PhotoScan processing since its algorithm is based on the SfM technique,
requiring small baselines (high overlap with many images). However, the use of three
bands of each cube as independent images increased the overlaps and the RMSE of the
residuals was 0.6 pixels. Only GCPs were used, due to the low number of points
available. The RMSEs of the GCPs were 0.008 mm in X, 0.006 mm in Y and 0.057 mm
in Z coordinates. In the PhotoScan project, the initial values for camera position were
based on data collected by an on-board navigation GNSS receiver; attitude angles were
considered as unknowns; IOPs were based on the nominal values and inserted as
approximate values to be estimated during the bundle adjustment (on-the-job
calibration).
PhotoScan was also used to generate DSMs of all blocks (PB1, PB2, PB3 and
Vesijako). Dense reconstruction was performed using the “ultra-high resolution” option.
The DSMs were very representative and dense and will be used for comparison with the
proposed approach.

b) Processing sub-blocks of PB1 FPI data, using CMC in-house software
Access to strategies and models implemented in commercial software can be
limited for commercial reasons and changing internal algorithms is quite difficult unless
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a development Kit is available. This can hamper the integration of data acquired by nonstandard sensors with different processes. In order to use compatible algorithms and
models, a subset (Figure 36) was selected from PB1 (Plots 5 and 6) image block and the
image orientations were estimated using BBA combined by direct georeferencing
(Integrated Sensor Orientation) to assess the calibrated IOPs estimated in Chapter 4.
The BBA was performed using the in-house developed software CMC (the same
software that was used to estimate the IOPs (Chapter 4). The sub block from PB1 (Plots
5 and 6) was selected outside the forest due to the large number of GCPs (Figure 36).
The following configuration was used in CMC:


Initial positions of the camera PC were based on data collected with a GNSS
receiver and attitude angles from INS. Position and orientation values were
weighted using standard deviations 0.8 m and 4 degrees, respectively;



Two sets of calibrated IOPs (c, x0, y0, k1, k2, k3, P1 and P2), for Sensor 1 and
Sensor 2, were considered as absolute constraints;



A Matlab script for selecting and reducing the number of photogrammetric
points (tie-points) measured with PhotoScan to be used in CMC format was
implemented. Image coordinates were extracted from the PhotoScan project and
used with a standard deviation of 1 pixel;



GCPs were used with a standard deviation of 2 cm.
Table 11 presents the total number of images used. Thus, in the case of the subset

Calib_PB1, the number of images per band was 22. The table also shows the amount of
control, check and tie points; and the type of data used as approximate values of EOPs.

Table 11: Information of the sub blocks processed with CMC.
Sub blocks: case studies
Number of images
Calib_PB1
88 (22 per band)
Plot 5 and 6
DSM_PB1
124 (32 per band)
Plot 5 and 6

Number Number Number of
of GCPs of CkPs tie points
9

4

317

0

0

510

Direct geo.
sensors
GNSS_L1L2 and
IMU
GNSS_L1L2 and
IMU

Table 12 presents the RMSEs of GCPs and checkpoints resulting from the BBA
performed with CMC. The results indicate that the two sets of IOPs estimated in
terrestrial calibration achieved good accuracy with the RPAS data from FPI camera.
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The RMSE of image coordinate residuals was 0.38 pixel. The standard deviation of the
perspective center coordinates was 0.21 m in X and Y and 0.05 m in Z.

Table 12: RMSEs of GCPs and checkpoints using CMC in IOP assessment.
Sub block PB5-plot-5-and-6
GCPs
CKPs
N points
4
9
RMSE X (m)
0.019
0.106
RMSE Y (m)
0.011
0.044
RMSE Z (m)
0.004
0.109
A second sub block was located in Plot 6 as shown in Figure 36. The data was
processed using the same configuration of the first sub block, but without GCPs. The
RMSE of image coordinate residuals was 0.58 pixels. The standard deviations of
perspective center coordinates were 0.15 m in X and Y and 0.07 m in Z, and were
considered appropriate for the next step. The adequate quality obtained in the results are
related with the use of direct georeferencing data, as good approximations for the
adjustment. The purpose of adjusting this sub area was to estimate the EOPs of the
images used for DSM generation in chapter 7 with exactly the same models used in the
camera calibration.
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Figure 36: Sub areas selected from PB1 for study cases.

6.4.1 Assessment of cube exterior orientation parameters

Aiming at the generation of a hyperspectral DSM (HDSM), where each point has
DN values corresponding to each band of the cube, it is very important to have an
accurate estimation of the EOP and IOP. The DN values can then be attributed to a
point based on the backprojection process (MIKHAIL et al. 2001), using the collinearity
model and object 3D information, which is similar to the indirect technique for
orthorectification. In the case of non-aligned spectral bands, the bands should be
registered using a 2D mapping function, or the EOPs should be estimated for every
band to obtain the 3D transformation from object space to image space. Differences
caused by relief displacements appearing as image coordinate errors in bands of a same
cube can be reduced using 3D transformations.
The FPI camera internal parameters were studied and estimated in Chapter 4 and
the estimation of EOPs for selected bands have been described in this section. However,
the EOPs of the reamaining bands also needed to be determined.
The exterior parameters for the unoriented bands can be estimated by interpolation
(using reference bands), using BBA of all bands or by direct georeferencing.
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Honkavaara et al. (2017) have developed a method where bands without orientation are
matched to oriented bands, considering the 3D information and a rigorous approach
based on the collinearity model (resection method, MIKHAIL et al., 2001).
An investigation was performed in order to assess the quality of the EOPs
estimated for all bands from different methods. Table 13 shows the details of each EOP
set used. In test A, linear interpolation was used to compute EOPs (X0, Y0, Z0, ω, φ, κ)
for 21 bands, from the EOPs of four bands, estimated by self-calibration with
PhotoScan. The same process was used to compute EOPs in G, but the EOPs of the four
bands were obtained with the CMC software. From B to E, the 3D band matching
(3DBandMatch_, HONKAVAARA et al., 2017) approach was used. In B, the EOPs
were estimated using only band 10 as reference band (r10) for the other twenty-four.
The EOPs of C, D and E experiments were estimated using one reference band for the
bands of the same sensor. The results simulate the use of two bands as reference, one for
each sensor. The EOPs of the reference bands were estimated using Photoscan software.

Table 13: Experiment data and details.
ID

EOP source

Description

A

Interpolation PhotoScan

4 bands with EOP estimated by BBA and interpolation of
other bands

B

3DBandMatch_r10_all

One reference band with EOP estimated by BBA and other
bands are estimated by band matching

C

3DBandMatch_r10_1-9

One reference band with EOP estimated by BBA and bands
1 to 9 Sensor 2 are estimated by band matching

D

3DBandMatch_r1_2-10

One reference band with EOP estimated by BBA and bands
2 to 10 from Sensor 2 are estimated by band matching

E

3DBandMatch_r11_12- One reference band with EOP estimated by BBA and bands
25
12 to 25 from Sensor 1 are estimated by band matching

F

3DBandMatch_r25_11- One reference band with EOP estimated by BBA and bands
24
11 to 24 from Sensor 1 are estimated by band matching

G

Interpolation CMC

4 bands with EOP estimated by BBA and interpolation of
other bands

For these experiments, four cubes covering the area with GCPs were selected
from PB5. The image coordinates of the GCPs were manually measured in all bands of
the four cubes. The image coordinates of each point in each band were calculated by the
collinearity equations (Equation 1), using GCP ground coordinates, sensor IOPs and the
different sets of EOPs (Table 13). The estimated image coordinates were compared with
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the values measured manually. Averages and RMSEs of the differences are presented in
Figure 37.
The EOPs computed using linear interpolation from EOP values estimated with
PhotoScan and CMC, in A and G, respectively, achieved similar averages and RMSEs.
In both cases, the RMSEs varied from 5.89 to 5.96 pixels in column and 6.26 to 6.62
pixels in row and were the highest RMSEs compared to 3D band registration using
resection (B to F). The RMSEs of the resection method varied from 1.67 pixels in
column and 2.12 pixels in row, when using only band 10 as reference for all other
bands. Using one band for each sensor gave subpixel RMSE values (0.27-0.91 pixels),
except for experiment F, where band 25 was used as the reference. In this case, it could
be seen that two bands (12 and 13) from two cubes had the highest residual values (> 10
pixels for some points). If these bands were excluded the result would have been 0.8
pixels in column and 0.23 pixels in row. The same was observed in B, where bands 24
and 25 presented the largest values of residuals. This fact is due to the spatial distance
of the bands to the reference band and some movements of the platform.

Figure 37: Average and RMSE of image coordinate residuals for all bands and different
EOP.
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The effect of EOP interpolation in the image residuals of one cube is presented in
Figure 38. It can be seen that residuals were smaller in some bands near to the adjusted
bands. This also indicates that the temporal variations of the EOPs cannot be modelled
by a linear model.
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Figure 38: Image coordinate residuals for one cube using EOPs estimated by linear
interpolation.

Figure 39 shows the image residuals of the same cube featured in Figure 38, but
resulting from experiment B (3DBMatch_r10_all). The residuals show a good fit of the
EOPs for most bands (less than 1 pixel for bands 1 to 24). As mentioned before, the
highest residuals are in band 25, which is further apart (spatially) from the reference
band 10.
Figure 39: Image coordinate residuals for one cube using EOPs from 3D band
registration using the resection approach.

6.5

Discussions and conclusions

Experiments were performed with the orientation of image blocks in two forest
areas using FPI cameras. The assessment of the blocks in the Brazilian forest was based
on RMSEs in the X, Y and Z coordinates of GCPs and check points outside the forest.
The results showed that, despite the weak geometry of the blocks and control points, the
RMSEs in X and Y were smaller than 0.10 m (one GSD) for the three blocks, and in Z
the RMSEs varied from 0.09 m to 0.37 m. The lowest RMSEs in Z were obtained in
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block PB2, probably caused by the weak geometry of the image block, when using only
one strip. The camera perspective center coordinates collected by a dual-frequency
GNSS and used as approximate values have significantly contributed to the quality of
the estimated values. In general, the results present enough accuracy for the generation
of DSM.
The IOPs estimated in the terrestrial calibration step were assessed with data
collected using an RPAS and the results showed that these IOPs were accurate enough
for the BBA of aerial images collected in complex forest areas.
The EOPs, from bundle adjustment, of reference FPI bands were used to estimate
the EOPs of remain bands by interpolation and by using the 3D band matching
approach developed by Honkavaara et al. (2017). The results were assessed using the
image coordinates of a pre-signalized control points. The RMSEs of the differences in
image coordinates have shown that the linear interpolation of EOPs provide higher
errors (in some bands up to 7 pixels). However, the FPI bands can be accurately
registered with residuals smaller than 1 pixel using the 3D band matching method. The
EOPs generated by this process can therefore be used for the hyperspectral DSM
generation. As concluded in chapter 4, the 2D registration of the FPI camera bands can
achieve subpixel results in flat areas, but has disadvantages for non-flat areas. The 3D
band matching method, based on the collinearity model and 3D information of the
object can be a more accurate alternative and reduce errors caused by relief
displacement and image acquisition. The selection of one these methods should taking
into account the accuracy and the complexity of the processes. Although more accurate,
the 3D method requires more steps and processing cost. Thus, if the error of the
interpolation is acceptable, this will be probably the easiest option.
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7. DSM GENERATION USING HYPERSPECTRAL 2D FRAME CAMERA

7.1

Introduction

3D point clouds of forest areas are being used increasingly as a means of
acquiring complementary data for several forestry applications, such as the retrieval of
the vertical structure, estimation of forest biomass and volume. ALS data usually have
two or more pulse returns associated with the same emitted pulse and some pulses can
penetrate below the canopy (HYYPPÄ et al., 2008). This feature enables them to be
separated at ground and above-ground points, making the generation of DTMs and
CHMs feasible. Acquisition of points under the canopy by optical images and
photogrammetric techniques depends on the visibility of the ground or bare soil in the
images, as the point cloud generation is based on stereoscopy and image matching.
Since each point in the ground should be visible in at least two images (BALTSAVIAS
et al., 2008; OLIVEIRA et al., 2015; OLIVEIRA et al., 2016b). Boreal forests often
present sparse trees, making the bare soil visible in many areas when viewed from aerial
images. When the forest is not too dense, the objects can be separated into classes, such
as trees, shrubs and ground. However, bare soil in dense forests is hardly visible from
aerial images, hence these objects can be separated into classes such as shadow areas
and trees and these basic classes can also be used as cues for DSM generation.
Hyperspectral data has been used in forest applications, such as tree species
classification and estimation of biophysical properties. DSMs can be derived directly
from high resolution hyperspectral 2D frame images, since the frame cameras can
provide multiple records of the object from different viewing directions, offering the
possibility of obtaining redundant stereoscopic measurements and analysing the
multidirectional reflectivity characteristics (HONKAVAARA et al., 2013; AASEN et
al., 2015). The combination of hyperspectral information from different viewing angles
and DSMs can increase the quality and the possibilities of remote sensing applications
for forests (NÄSI et al., 2015; OLIVEIRA et al., 2016a; NEVALAINEN et al., 2017).
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However, existing software packages for DSM generation do not allow the generation
of DSMs directly with multiangular spectral observations. Instead, a common DSM is
generated and both the spectral and angular information are missed.
The use of spectral information in the matching process is potentially valuable
with novel imaging systems with multi- or hyperspectral 2D frame sensors, but this has
rarely been utilized. This study applied image matching in hyperspectral images both in
boreal and tropical forest environments. The objective of this investigation is to obtain
an object model, consisting of 3D geometry and multiangular spectral data, as features
of forest areas. Additionally, the study proposes the use of spectral information to
optimize the selection of the image matching parameters (window size, search space,
similarity threshold) for different objects (ground and tree tops) in an object space-based
multi-image matching approach.
The DSM algorithm was implemented using dense image matching based on
classes and using a data structure which allows the assignment of the hyperspectral
reflectance signature for all matched points, as well as the multiples viewing angle
information.

7.2

Proposed methodology for DSM generation

The proposed method, called the hyperspectral VLL (HVLL), was implemented
using the C/C++ programming language and UPTK library modules (Unesp
Photogrammetric ToolKit), which was developed by the photogrammetry research
group of the Cartography Department of FCT-UNESP. UPTK has implemented
photogrammetric and image digital processing algorithms. In some cases, the functions
have been adapted according to the process. Additionally, an extension to HVLL was
proposed, using image classification information to adapt matching parameters
(HVLLC). The in-house DSM software was implemented to use the FPI camera data in
the original format (12 bits, float precision).
7.2.1 Search space reduction – object space correspondence

The VLL technique was implemented with multiple image matching and
hierarchical search. The process starts with the generation of an image pyramid for each
image provided, with as many levels as desired. The convolution of the image is
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performed by a Gaussian filter at each level of the pyramid and the image is then
downsampled to half the image size of the previous level. The image pyramid enables a
hierarchical search with variation of the parameters at each level and, thus the reduction
of processing time and false correspondences.
The VLL approach (section 2.3.4) is the main technique for the next steps. For
each point of the approximate surface entered as a regular grid, the planimetric
coordinates are used and initial height for the algorithm is calculated by subtracting the
ΔZMIN (provided a priori) from the approximate height value (ZMIN = Z0 - ΔZMIN). The
point is projected from the object space to all images in which this point appears, using
collinearity equations. Matching windows are defined and the similarity function is
computed for the multiple pairs. These windows are generated by rectification
procedure over the original images (Section 7.2.2). Then, the altitude ZMIN is
incremented by dZ (provided a priori) until it achieves the ZMAX (ZMAX = Z0 + ΔZMAX)
and the correspondences among the new windows are calculated and recorded for each
new Zi coordinate. Multiple images and multi bands can also be used (Section 7.2.3).
The height assignment to the point is completed by analyzing the largest overall value
obtained from the correlation coefficient vector, for each Zi within the search interval.
The point cloud generated at each level of the pyramid is interpolated and used as the
initial model for the subsequent level.
The basic parameters and thresholds to be provided for each hierarchical level are:


window size;



minimum threshold to accept the correlation coefficient;



size of the vertical search interval (ΔZMAX and ΔZMIN);



increment value (dZ) at each iteration of height;



resolution of the grid;



maximum distance to search for the points to be used in the DSM interpolation
process.
The VLL method limits the search space into the vertical range ([ZMIN-ZMAX]).

Considering a high resolution image, for example with the GSD of 7 cm, a vertical
search interval of 20 m and an increment for altitude variation of dZ = 7 cm, 286
repetitions are required for each point of the DSM grid. However, with the use of
hierarchical resolution levels, the amount of processing is reduced at each level, since it
is possible to have a higher dZ variation for the lower resolution levels and the vertical
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range can be reduced and the increments can be smaller for the higher resolution levels.
Knowledge of the area can also help to establish better parameters. Moreover, in the
proposed method, these parameters can change adaptively (Section 7.2.3) according to
the object class. The matching calculation is performed from the object space to the
image space, and the best matches give the estimate of an elevation for an (X, Y) point
being analyzed, thus giving the 3D positions directly.

7.2.2 Resampling windows for matching

Given the IOPs and EOPs, the image coordinates of each image corner are
calculated using inverse collinearity equations (MIKHAIL et al., 2001) in the ground
reference system. As a result, it is possible to verify whether a certain point of the DSM
area is part of the images. When the point appears in less than two cubes, the process
stops and jumps to the next grid cell. After verifying the images in which a point is
appearing, the matching windows are determined to search for homologous points.
In order to reduce scale problems and variations in viewing angle, the windows
are rectified before computing the similarity function. For each point, a patch centered
at this point (X, Y) is defined in the object space. This patch has a pre-defined size (n x
m) and the cell size is equivalent to the average GSD of the images. All points of the
object space patch are projected into all possible images, and the intensity values are
assigned by interpolation, creating rectified windows. The rectification uses the height
value Zi of each vertical search step in the range [ZMIN-ZMAX]. This process is important
for reducing the effects of perspective distortion, relative rotation between the planes of
the images.
The projection of the point position in object space to the images is made by the
collinearity equations (Equations 1), obtaining the coordinates in the photogrammetric
system (xf, yf), and performing the inverse procedure for lens distortion. After the
photogrammetric coordinates of a point (xf, yf) have been calculated, it is necessary to
add distortion effects and to convert them to the image system (column, row). The
projection of the X, Y, Z coordinates leads to sub pixel coordinates within the images,
thus the DN value of each pixel in the rectified window is determined using bilinear
interpolation. The photogrammetric coordinates are computed in each height increment
(dZ) for all points of the grid. In order to optimize the calculation of the
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photogrammetric coordinates, the collinearity equations (Equation 1) were separated
into three parts to pre-store constant values (OLIVEIRA, 2013, p. 69-70).

7.2.3 Matching of multiple adaptive windows

The correspondence method used is ABM method and the correlation coefficient
(Equation 12) is the similarity measurement function. The correlation coefficient is
calculated for each possible pair between the reference and search images. If one point
appears in five images, five rectified windows are created, and four correlation
coefficients are calculated. These correlation coefficients are compared to a minimum
acceptable value, defined empirically, which can change for each pyramid level. The
average of values greater than this threshold is assumed as a single coefficient, here
called global correlation coefficient (GCC). At the end of the vertical scanning, for each
value of Zi there is a global correlation coefficient and its standard deviation. The point
height is assigned by verifying which Zi has the highest global coefficient and the
smallest acceptable standard deviation.
A fundamental issue of ABM techniques is the use of an appropriate matching
window size. The texture information within each window needs to be considered. If
none of the correlation coefficients reaches the acceptance threshold, an iterative
process to change the window size and shape was used following the approach proposed
by Kanade and Okutomi (1994) and Zhang (2005).
The process starts from a small window (nxm, with n = m) centered at the point
(X, Y); (2) compute the GCC for each Zi along the vertical search line [ZMIN-ZMAX], as
described above; (3) exclude the candidates smaller than the threshold; (4) when no
GCC is higher than the threshold, the process starts again with a different size and shape
of window; (5) otherwise, continue the procedure jumping to the next grid cell.
The window is increased by 2 pixels in one of its four directions (right, left, up
and down) and the GCC are calculated again for each Zi along the vertical line [ZMIN ZMAX]. If this expansion decreases the GCC value, the direction is not suitable and
another direction is selected for further expansion (2 pixels). The same process is
repeated for each of the four directions, until the GCC achieves sufficient value or until
the window size reaches a size limit (here was used 45 pixels). Figure 40 illustrates this
process.
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Figure 40: Window expansion. Adapted from Kanade and Okutomi (1991).

7.2.4 Matching using multiple bands

As discussed in this study, EOPs change according to the band when the
acquisition with the FPI camera is not instantaneous, resulting in non-registered bands.
Additionally, the need for different sets of IOPs was verified for the camera with two
sensors (Chapter 4). The existing commercial software packages are not prepared to
treat the hyperspectral 2D frame cube with nonregistered bands as individual images
with different IOPs and EOPs, when the bands are in the same data cube. The
possibilities when using these software packages are: register the cubes in advance and
estimate the same EOPs for all bands; or split the bands into separated image files and
input the bands as independent images estimating different EOPs for each band.
In order to cope with this problem, the proposed approach implements a different
structure, considering each cube as having independent bands with its own EOPs and
IOPs (one set for each sensor) and taking into account the spectral differences of the
bands for the matching process.
The technique of image matching using multiple bands, selects the reference cube
(most nadir) and computes the correlation coefficients between bands of different cubes
for a given point. In addition, the correlation coefficient threshold between bands of the
same cube is weighted according to the spectral differences to reflect the impact in the
similarity measurement. The weight value is given a priori, and it is used to reduce the
threshold. If the minimum value of correlation coefficient threshold is equal to 0.9 and
the weight is 0.9 (90%), the minimum correlation coefficient acceptable is 0.81.
Figure 41 illustrates the method of window comparisons among the cubes and
bands. In this example, correspondence of a point P (a window) is searched over two
bands (VIS, NIR) of three cubes. Cube 2 is the closest to nadir and is then selected as
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the reference cube. Band 20-Cube 2 can be the reference band, because it offers the best
contrast, for instance. The total number of correlation coefficients calculated is seven.
Four correlation coefficients are calculated using the reference cube (Cube 2) and the
correspondent bands in different cubes (B20_Cube 2(Ref) x B20_Cube 1; B20_Cube
2(Ref) x B20_Cube 3; B1_Cube 2(Ref) x B1_Cube 1; B1_Cube 2(Ref) x B1_Cube 3);
and three correlation coefficients are obtained comparing bands from the same cube
(B20 x B1, Cube 1; B20 x B1, Cube 2 and B20 x B1, Cube 3), as indicated by the
arrows in Figure 41. The correlation coefficients resulting from different bands of the
same cube have weak geometric, due to the small baseline, and the spectral similarity
can be small, depending on the object. On the other hand, the geometric distortions are
smaller than higher baselines.

Figure 41: Image matching window comparisons.

These correlation coefficients (CCi) are divided into two groups: from the same
bands in different cubes and from different bands in a cube. As mentioned in section
7.2.3, the values are compared with a minimum acceptable value for the correlation
coefficient, and the average is taken as the GCC. The average of the coefficients
between different spectral bands of the same cube which are greater than the threshold
are also computed and assumed as a band global correlation coefficient (BGCC). Figure
42 illustrates the average of the two groups of CCi from Figure 41. “B20_Cube_2(Ref)”
means band 20 of cube 2, where cube 2 is the reference cube, because it is the closest
cube of the point in object space. The point height is assigned by verifying which value
Zi: Z ∈ [Z0-∆ZMAX, Z0+∆ZMIN] maximizes the values of GCC and BGCC.
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Figure 42: Representation of global correlation coefficients calculation.

*B = band, Ref. = Reference

7.2.5 Matching with adaptive parameters based on image classification

Hyperspectral images give detailed spectral information for each pixel in an
image, which assists the classification process. Classified images can improve the
process of image matching, supporting the selection of parameters, such as window
size, thresholds and search space limits, for different objects (classes). For example, if a
pixel is classified as soil, the height range for the VLL method is smaller than for pixels
classified as top of a tree. In addition, the resulting point cloud can be classified based
on the image pixel classes from the image classification process. The objective of the
following strategy was to use information extracted from image classification to adapt
the image matching parameters (Figure 52 and Figure 74).
The proposed method starts with the 2D registration of the cubes. This registration
can pose some problems mainly because of parallaxes caused by differences in object
heights and viewpoints, but for the purpose of this study this preliminary registration is
considered sufficient to provide accuracy adequate for the classification of the images.
The registered cubes are classified in generic classes (for instance, shadow, top of the
trees and ground). Several classification techniques (supervised and un-supervised)
were tested, but k-means presented the more suitable results for this application, and,
additionally, it is a less complex method.
The image matching parameters mentioned can be defined based on the selected
classes and the matches are labelled with the corresponding class. If the class represents
homogenous area, the window size is higher and the coefficient correlation threshold is
smaller. These values are given a priori.
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At the highest resolution level of the hierarchical matching process, with full
resolution images, the parameters (window size, vertical range, average height and
thresholds) for the point under analysis change according to the class of the point in the
reference image. Computing correlation coefficients of templates with different sizes
along the vertical line would generate heterogeneous correlation values for every step
along the same vertical line and this could produce false matches. The strategy keeps
the same window size for all steps (dZ) in the vertical line. Thus, it is used only at the
highest resolution level, selecting the parameters based on the approximated height
from the previous level, which is a better approximation when compared to the first
levels.

7.2.6 HDSM strategy

In the last level of the hierarchical process, the spectral information is assigned
and recorded for each point. Following the image matching steps described, the height
value in the vertical line search that maximizes the correlation between the reference
cube (most Nadir) and other cubes, is assigned to a given point. The image pairs with
valid matching (higher than a threshold) have their viewing geometry attributes
computed (azimuth and zenith viewing angles) and stored for each band. The DN values
of the point on each band is stored as well. The target-sensor geometry parameters and
DN value are also computed for bands that were not used in the image matching
process, using their EOPs, IOPs and point coordinates.
Thus, the HDSM is built with a spectrum of multiple cubes and their viewing
angle values (zenith and azimuth angles of point to sensor), the geometric relationship
among Sun (azimuth and zenith) - target-sensor are known. The viewing geometry
information is very important in order to model the anisotropy phenomena of the object.
The geometry angles (see Figure 5), with respect to each image used to estimated the
matching score, are recorded in the resulting HDSM (BURKART et al., 2015; PINTO
et al., 2017; ROOSJEN et al., 2017).

7.2.7 Quality assessment

The evaluation of the DSM quality by the applied techniques was performed by
visual analysis and comparing with DSM results from a commercial software. Visual
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analyses of the point clouds were performed using three-dimensional visualization and
profile extraction to verify the aspects of the elements of the scene, the dispersion
(presence of spurious points) and the density of points.
The difference between the DSM generated using the proposed method and the
DSM from the commercial software were calculated. For the DSM in the Finnish boreal
forest, ALS data was available and was also used in the assessment of the results.

7.3

Study areas and data sets

The experiments were performed using two different forest environments, one
representing the Atlantic (tropical) forest and other representing the Boreal forest. The
tropical forest area was selected within the PB1 block, in the Ponte Branca fragment.
The area has the dimensions 60 m x 45 m, covering Plot 6 (Figure 43). This plot
represents an advanced stage of the forest, having a high density of high secondary trees
at 3 to 4 well defined canopy layers (BERVEGLIERI et al., 2016). The second area is
located in Vesijako, Finland, covering an area of 60 m x 55 m. The primary tree species
in the area was Birch (Betula pendula).
The two areas are sub-sets of the image blocks processed and discussed in
Chapter 7. A set of twelve cubes in two strips was selected from PB1 data. Fourteen
cubes were chosen from the Vesijako image data. In addition, ALS data from the
National Land Survey of Finland, acquired in 13 May 2012 were used as the reference
DTM for the assessment of the results of the Finnish data. The minimum point density
of the NLS’s ALS data is 0.5 point/m2, with elevation accuracy of 15 cm, for points of
well-defined surfaces, and horizontal accuracy of 60 cm. ALS data from Finland is
freely distributed by NLS

(http://www.maanmittauslaitos.fi/en/maps-and-spatial-

data/expert-users/topographic-data-and-how-acquire-it/national-land-survey-open).
Figure 43 (b) shows the selected areas and Figure 44 presents the ALS data.
IOPs and EOPs of the Vesijako images and a reference photogrammetric DSM
were determined using Agisoft PhotoScan software (Section 6.4). For the PB1-Plot6
data, the EOPs and IOPs estimated by the in-house software CMC were used.
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Figure 43: DSMs of whole blocks generated using PhotoScan (a) Ponte Branca data set
PB1 and (d) Vesijako. Yellow squares represent the study area for DSM generation.

(a)

(b)

Figure 44: ALS data from NLS and a box covering the study area.

7.2

Experiments and results

In this section, the experiments and results obtained with the HVLL and HVLLC
are presented. For the execution of the experiments, the IOPs and EOPs estimated in
Chapters 4 and 6 were used. Tests were performed changing the parameter settings in
two areas with different characteristics: tropical forest and boreal forest. Section 7.2.1
presents the results obtained using Vesijako data set. The purpose of these experiments
was to analyse the contribution of the addition of the classification information (see
subsection 7.2.5) to the matching process. The reference data were a DSM generated
with PhotoScan and ALS data from NLS survey. Section 7.2.1 presents the results of
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the method described using data from the tropical forest, located in Ponte Branca
fragment, São Paulo State, Brazil. The results were compared with a DSM generated
with the Photoscan software.

7.2.1 Using Hyperspectral Frame Images from Unmanned Airborne Vehicle for
Detailed Measurement of Boreal Forest 3D Structure

The test area for these experiments represented a typical boreal managed forest
site, with spaced deciduous trees and areas where the ground is visible from aerial
images. Ten cubes were selected from the full image block of Vesijako data set
(Chapter 6), to perform the DSM generation of an area with size of 60 m x 55 m. To
investigate the impact of the developed procedure using hyperspectral classification,
two experimental cases were configured in the following experiments. In case 1, the
HVLL was used and in case 2, HVLLC was applied (7.2.5). Rectified windows (7.2.2),
adaptive window size and shape (7.2.3) and multiple bands (7.2.4) were used in the two
cases, and multiple band matching processing was configured to use three bands. These
bands were the same used to estimate the EOPs using PhotoScan software (Chapter 6).
The full sets of bands were not used because of the high computational costs and
because low geometric improvement which would be expected with more bands. These
experiments are based on Oliveira et al. (2016a).
The algorithm was configured hierarchically using four resolution levels. Three
band from each cube were used to perform the image matching. The HVLLC was used
only in the full resolution images, considering the previous levels resulted from HVLL.
When using HVLLC, the matching parameters were different for each class. Window
size, for instance, started from 7x7 pixels for classes “tree” and “tree top”; 9x9 pixels
for class “ground-vegetation” and 15x15 pixels for class “ground-shadow”. The size of
window is higher for shadow area due to the homogeneous. The class “groundvegetation” was in some cases associated as part of class “tree”, thus the vertical line
length was assumed one meter higher for the minimum height (ΔZmin) than for the class
“ground-shadow”. These parameters were selected based on experimental tests and the
previous knowledge of the area. In HVLL, the size of correlation window started from
7x7 pixels for all points.
The study area selected from the full Vesijako block was cropped from the whole
PhotoScan DSM, in order to compare the results produced. Figure 45 shows the DSM
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selected from PhotoScan and Figure 46 shows its oblique view. The points are colored
by height, from blue to red representing the variation from minimum to maximum
height, respectively.

Figure 45: Nadir view of PhotoScan DSM colored by height of Vesijako test site.
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Figure 46: Oblique view of PhotoScan DSM colored by height of Vesijako test site.

The DSM resulting from HVLL is presented in Figure 47 (nadir view) and Figure
48 (oblique view). Figure 49 shows the DSM colored with DN values of band 615.5
nm. Visual analysis of the PhotoScan and HVLL DSMs indicates proper quality of the
vegetation 3D reconstruction, but the HVLL DSM had more spurious points in the
covered area than the PhotoScan DSM, which presented more spurious points beneath
the ground. Some gaps over the canopy occurred because of the lack of overlaps or no
correspondences. It can be noted that, at the ground level, PhotoScan performed well
only in large clearance areas.
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Figure 47: Nadir view of Vesijako test site DSM, generated with HVLL. Points are
colored by height.

Figure 48: Oblique view of Vesijako test site DSM, generated with HVLL. Points are
colored by height.
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Figure 49: Oblique view of Vesijako test site DSM, generated with HVLL. Points are
colored by band 617.5 nm.

The discrepancies of the PhotoScan and HVLL DSMs were computed using
CloudCompare software (Figure 50), module “Cloud-to-cloud Distance” configured to
use a local modelling strategy, which is based on the least-squares fitting. The algorithm
searches the nearest point in the reference DSM, and then a local model is adjusted on
the point and its neighbors. The discrepancies from each point of the compared DSM to
its nearest point in the reference cloud is the discrepancy to this model (CloudCompare,
2017). The mathematical model used was a quadratic function with six parameters.
Figure 51 shows the histogram of the discrepancies. From a total of 250753
points, most of differences (84.53%) were smaller than 0.5 m. The average and standard
deviation of the difference in height values are equal to 0.30 m and 0.38 m, respectively,
which is an acceptable result for a GSD of 9 cm.
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Figure 50: Discrepancies between Photoscan DSM and HVLL DSM (Vesijako study
area). Points are colored by differences in height. (a) Oblique and (b) Nadir views.

(a)

(b)

Figure 51: Histogram of the discrepancies between Photoscan DSM and HVLL DSM
(Vesijako study area).

Now, using the method HVLLC (section 7.2.5), the cubes were firstly coregistered taking one of the bands with estimated EOPs as reference and using 2D
transformation function. The co-registered cubes were classified using the k-means
method, with 10 iterations, 0.95 convergence threshold, and four classes defined based
on the forest characteristics (ground-shadow, ground-vegetation, top of the trees and
area between top and ground). Figure 52 (a) presents a co-registered band composition.
Results of classification with k-means algorithm are presented in Figure 52 (b).
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Figure 52: Results of (a) FPI image (RGB composition) of a co-registered cube; (b)
Classified cube using k-means.

(a)

(b)

The HVLLC DSM is shown in Figure 53 (nadir view) and Figure 54 (oblique
view) colored by height. The constraints applied to the search space based on the
reference classes generated more points at the ground level.

Figure 53: Nadir view of DSM of test site Vesijako, generated with HVLLC. Points are
colored by height.
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Figure 54: Oblique view of DSM of test site Vesijako, generated with HVLLC. Points
are colored by height.

The discrepancies computed between the HVLLC DSM and the PhotoScan DSM
are presented in Figure 55 and the histogram of the differences in 249229 points is
presented in Figure 56. The average and standard deviation of the height differences are
equal to 0.54 m and 0.74 m, respectively. The highest differences were located in the
points estimated as ground in the proposed method.
Comparing the DSMs generated using HVLL and HVLLC, the average obtained
for the height differences was 0.76 m and the standard deviation 1.38 m (Figure 57).
Figure 58 shows the histogram of the differences. Based on the highest difference
values location, it can be noticed that the use of reference classes estimated more points
in the ground points. Considering the average and standard deviation, the result from
HVLLC was more correlated with PhotoScan, since PhotoScan estimated more points
in the open areas than the HVLL.
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Figure 55: Discrepancies between Photoscan DSM and HVLLC DSM (Vesijako study
area). (a) Oblique and (b) Nadir views. Points are colored by differences in height.

(a)

(b)

Figure 56: Histogram of the discrepancies between Photoscan and HVLLC DSM
(Vesijako study area).
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Figure 57: Discrepancies between the HVLL and HVLLC DSM (Vesijako study area).
(a) Oblique and (b) Nadir views. Points are colored by differences in height.

Figure 58: Histogram of the discrepancies between the HVLL and HVLLC DSM
(Vesijako study area).

Figure 59 shows profiles extracted from the HVLL and HVLLC DSMs. ALS
ground points and PhotoScan DSM profile are also shown. Comparing the HVLL and
HVLLC, more points were generated in gap areas with the use of reference classes.
However, since forest gaps are usually more homogenous and have lower dynamic
range and are observed as shadows (and reduced amount of illumination), there are still
false matches and the points are varying in the vertical range given as a priori value for
the class, which is expected in vegetation.
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Figure 59: Two profiles extracted (1 m of width) from HVLL, HVLLC, ALS ground
points and PhotoScan DSM of Vesijako study area.

Figure 60 shows the HVLLC points classified with the reference classes from
image classification process. This result can be used as a priori classification of the data
to extract ground and non-ground points.

Figure 60: HVLLC DSM of Vesijako classified using image pixel classes.

A sample of ALS ground points was used to evaluate the ground points of the
DSMs generated from image matching. Considering the difference of time between the
ALS and image data acquisition, the ground points more stable to the changes than the
point of trees. Thus, only ground points were used in this experimental assessment.
The ALS data was classified to obtain only ground points, using LAStools
software, with default parameters. A sample of 87 points was collected over open areas
in the ALS classified as ground points. The sample was used to compute the difference
of height for the DSMs generated using HVLL and HVLLC, and the DSM generated
using PhotoScan. The differences were calculated using CloudCompare cloud-to-
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distance tool. The model “least square plane” was selected. In addition, the tool
Lascontrol from LasTools software was used to compute the differences. The
Lascontrol module generates a TIN using the DSM to be compared and interpolates the
height of the reference points on this TIN. Table 6 shows the average and standard
deviation of the height differences computed using CloudCompare and Lascontrol.

Table 14: Average and standard deviation of differences between ALS ground sample
points and Photoscan DSM, HVLL and HVLLC.
DSM
PhotoScan
HVLL
HVLLC
Ave(m) Std(m)
Ave(m)
Std(m)
Ave(m)
Std(m)
CloudCompare 0.869
0.865
1.723
1.886
0.203
0.187
LasControl
8.317
6.115
12.581
5.319
0.209
2.031
It can be noted that, at the ground level, HVLLC was the most similar with the
ALS data. PhotoScan was good in large areas without trees, as can be observed visually
in Figure 45. The statistics computed using Lascontrol seems to be more compatible
with the profiles in Figure 59. In any cases, HVLLC performed better than the
conventional HVLL. The use of reference classes showed potential to guide the image
matching method implemented.

7.2.2 Using Hyperspectral 2D Frame Images for multiangular spectral DSM
generation in tropical dense forest

The study area of this section is located in the Ponte Branca forest fragment and
the data set used was PB1 (Plot 6), which characterizes a dense tropical forest area. In
the following experiments, the objective is to generate a dense forest model with 3D
geometry and multiangular spectral data features, resulting in a HDSM, using the
lightweight hyperspectral 2D frame camera.
A set of twelve cubes from the PB1 full block was used for the experiments and
the HDSM was generated over an area of 60 m x 45 m. A mosaic of PB1 test site
generated using RGB images, from the Sony Nex 7 camera, is presented in Figure 61.
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Figure 61: Mosaic of PB1 test site generated from RGB images of Sony Nex 7.

A DSM of the entire block was generated with the PB1 FPI image data using
PhotoScan software (Figure 43), as mentioned in Section 6.4, and the selected area was
extracted from this DSM to compare with the results. Figure 62 shows the DSM
selected from PhotoScan and Figure 63 shows its oblique view. The points are colored
by height, from blue to red representing the variation from minimum to maximum
values, respectively.

Figure 62: Nadir view of PhotoScan DSM colored by height (Ponte Branca study area).
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Figure 63: Oblique view of PhotoScan DSM colored by height (Ponte Branca area).

The IOPs of sensor 1 and sensor 2 estimated in Chapter 4 (experiment “Calib
S1S2”) and the EOPs of the four bands estimated in Chapter 6, with CMC, were used.
The matching method was implemented using rectified windows (7.2.2) and
adaptive window size and shape (7.2.3). The multiple bands technique (7.2.4) was also
used and configured with four bands.
The DSM resulting from the matching techniques is presented in Figure 64 and
Figure 65 (oblique view). Visually, PhotoScan DSM and the developed in-house
software DSM appears to have high quality in the 3D reconstruction of the canopy
vegetation. In some areas of canopy, the matching did not find correspondence. Most
cases happened with the proposed method in object discontinuities as a result of
occlusions and shadows. It can be observed that the DSM resulting from the proposed
method was able to recover the shape of trees with less smoothing than PhotoScan.
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Figure 64: Nadir view of DSM generated with HVLL (Ponte Branca study area). Points
colored by height. (a) Nadir and (b) oblique views.

Figure 65: Oblique view of DSM generated HVLL (Ponte Branca study area). Points
are colored by height. (a) Nadir and (b) oblique views.

Figure 66 presents the resulting discrepancies computed using CloudCompare
software (“Cloud-to-distance” tool). Additionally, Figure 67 shows the histogram of the
discrepancies. From a total of 200423 points, most of differences (71%) were smaller
than 0.6 m. It is worth noting that some differences from the two software can be also
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related to the difference in the EOPs and IOPs of image. The average and standard
deviation of the difference in height values are equal to 0.42m and 0.29m.

Figure 66: Discrepancies between Photoscan DSM and HVLL DSM (Ponte Branca
study area). Points are colored by height differences. (a) Nadir and (b) oblique views.
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Figure 67: Histogram of the discrepancies between Photoscan DSM and HVLL DSM
(Ponte Branca study area).

Figure 68 presents the two DSMs after the interpolation to a grid with 0.10 cm of
sampling distance. It is observed that the DSM generated with HVLL shows higher
mean elevations than the PhotoScan DSM and more details of the canopy structure.

Figure 68: DSMs with grid resolution of 10 cm (a) PhotoScan and (b) HVLL (Ponte
Branca study area).

(a)

(b)

Figure 69 compares profiles extracted from PhotoScan DSM and HVLL DSM. As
it can be seen, the profile extracted are nearly similar to the canopy shape.
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Figure 69: Two profiles extracted with buffers width 1 m and 10 m from PhotoScan
DSM (yellow) and HVLL DSM (blue) (Ponte Branca study area).

In addition, since HVLL method is being used, the spectral information of each
band was assigned to each point of the DSM. Figure 70 shows the HDSM colored by (a)
the band 506.2 nm (first band of the cube acquisition), (b) band 819.7 nm (last band of
the cube acquisition) and Figure 70 (c) shows the band composition: R(819.7 nm),
G(628.7 nm), B(506.2 nm). The spectral information for each point can be also used to
compute vegetation indices, such as NDVI. The index can be used as scalar fields for
visualization or further analyses of this type of data. In this case, it is appropriated to
transform the DN values of the cubes to reflectance values and then input the data in the
proposed software for the HDSM generation.
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Figure 70: HDSM colored by (a) the band 506.2 nm (first band of the cube acquisition),
(b) band 819.7 nm (last band of the cube acquisition) and (c) band composition R(819.7
nm) G(628.7 nm)B(506.2 nm).

Figure 71 shows one example of the variation in the azimuth and zenith viewing
angles for the same point, in four bands of six cubes. As it can be seen, the points have
slightly different geometry angles within the same cubes. This feature is important to be
considered because it affect the DN values, and consequently the mosaicking process.
For these analyses, the Sun geometry of the same day and time of the image data
acquisition need also to be used (not represented in Figure 71). Figure 72 presents an
example of the output text file with the data recorded in the HDSM.
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Figure 71: Sensor azimuth and zenith angles of four spectral bands and six cube for
same point, in Ponte Branca data.

Figure 72: Part of the HDSM output text file.
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However, since forest gaps usually have poorer dynamic range and lower image
quality due to the presence of shadows (reduced amount of illumination), there are still
missing matches as is highlighted (red circles) in Figure 73.

Figure 73: Areas of .gaps (a) RGB mosaic and (b) HVLL DSM colored by band 819.7
nm.

(a)

(b)

Aiming to improve the determination of points in such areas and also labeling
these points, the HVLLC (section 7.2.5) was used. The twelve cubes were first
coregistered using 2D transformation. Then, registered cubes were classified using the
k-means method. Four classes were considered suitable for this type of forest scenario,
and only the class representing shadow areas was used in this application. Figure 74
shows a band composite of two registered cube and its classification using k-means.

Figure 74: Results of (a) FPI image (RGB composition) of a co-registered cube; (b)
Classified cube using k-means.

(a)

(b)
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The DSMs generated using HVLLC is presented in Figure 75 and in Figure 76
(oblique view), colored by height. The constraint applied to the matching based on the
object classification have produced more points at the ground level. The HVLLC DSM
was compared with Photoscan, and with the HVLL DSM using CloudCompare. The
discrepancies computed between PhotoScan and HVLLC DSMs are presented in Figure
77 and the histogram of the 224343 point differences is presented in Figure 78. The
average and standard deviation of the height differences were equal to 0.61 m and 1.02
m, respectively. The discrepancies between HVLL and HVLLC DSMs obtained average
of height discrepancies equal to 0.08 m and standard deviation equal to 0.54 m (Figure
79). Figure 80 shows the histogram of the differences. For both analyses, PhotoScanHVLLC and HVLL-HVLLC, the highest difference values were located in gap areas.
The use of HVLLC compared with HVLL have not considerable changed points over
the canopy, since only one class was used in in this type of forest.

Figure 75: Nadir view of Ponte Branca study area DSM, generated with HVLLC. Points
are colored by height.
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Figure 76: Oblique view of Ponte Branca study area DSM, generated with HVLLC.
Points are colored by height.

Figure 77: Discrepancies between Photoscan DSM and HVLLC DSM (Ponte Branca
study area). Points are colored by height differences.
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Figure 78: Histogram of the discrepancies between Photoscan DSM and HVLLC DSM
(Ponte Branca study area).

Figure 79: Discrepancies between the proposed methods HVLL and HVLLC (Ponte
Branca study area). Points are colored by absolute height differences.
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Figure 80: Histogram of the discrepancies between HVLL and HVLLC DSM (Ponte
Branca study area).

In Figure 81, the HVLLC points are colored by the pixel image class. The
HVLLC method increased the number of points in areas of gaps with shadows. It is
difficult to determine the quality of the estimated height in these areas, since no accurate
reference data is available. However, these areas were labeled, which can be useful to
locate gaps in forest and quantifies them or also compute their sizes. The spatial
distribution and size of gaps, whether induced by management or by natural causes,
generally regulates the below-canopy supply and spatial distribution of solar energy,
water and nutrients (KOUKOULAS and BLACKBUM, 2004; GETZIN et al., 2014).

Figure 81: Nadir (a) and oblique (b) view of Ponte branca study area DSM, generated
with HVLLC. Points are colored by class. Green indicates high vegetation and brown
indicates possible gaps.

(a)

(b)
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7.3

Discussions and conclusions

The study of the DSM generation in forest areas, using dense image matching
applied to hyperspectral 2D frame images acquired by small-format RPAS was
described. Experiments were performed using two forest areas, having different
structural characteristics for the DSM generation process. The first area was in a boreal
forest, which has tall trees with relatively similar heights, but large variation of depth
between each tree since there were gaps with bare soil. The second area was in a
tropical forest presenting dense canopy area, with some high trees of large crowns, high
diversity of species, and rare areas with (or any) visible bare soil. The objective of
selecting these areas was to verify how the implemented method behaved with respect
to these major issues for the image dense matching methods.
The visual analysis of the results confirmed that the proposed methods have
potential to generate suitable DSMs in complex areas, such as forests. The DSM
generated using HVLL provided more spurious points than the DSM of the commercial
software, which had more smoothed points due to the use of regularization functions.
Regarding the introduction of image classification information, HVLLC, the
results showed that the classes enabled to guide the algorithm in determining the
matching parameters with better quality for points over bare soil. Furthermore, the
image classification can provide initial classification for the 3D points of the DSM. The
HVLLC DSM generated in boreal forest had similar quality to the ALS data. On the
other hand, it has also spurious points due to classification errors and homogenous
texture. Feasible classification methods for different cases need to be elaborated.
Furthermore, a good a priori knowledge of the area is required to input the suitable
image matching parameter.
The development of a all-in-one matching methods providing both 3D object
surface and spectral information was described and showed that the method can provide
powerful object characterizing tool that are useful in wide variety of earth measurement
problems. Quantitative geometrical analysis of the DSM in tropical area could not be
performed because reliable reference data was not available.
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8. OVERALL CONCLUSIONS

8.1

Summary

In this thesis, an integrated method for generation of multiangular hyperspectral
data and digital surface models (HDSMs) from hyperspectral 2D frame images was
developed and assessed. The developed method can be used for various multi- and
hyperspectral 2D sensors, with registered or non-registered bands. The novel
miniaturized hyperspectral 2D frame cameras are highly interesting in remote sensing
applications, as they are low-cost, light-weight, provide high spatial resolution, and
most importantly, they collect spectral bands with 2D frame geometry. This last feature
allows stereo measurements and thus the generation of HDSMs directly from the same
sensor data. The proposed process generates the hyperspectral 3D data in a
simultaneous and rigorous process.
The hyperspectral camera used in this study is based on tunable FPI technology,
which does not acquire bands of cubes at the same exposure time. Consequently,
position and attitude angles of the bands vary along the cube. Due to these camera
features, the main steps of the photogrammetric processing chain to achieve the
objective of generating HDSMs using FPI cameras were adapted and assessed.
A comprehensive analysis of the geometric calibration of this kind of a FabryPérot interferometer (FPI)-based hyperspectral frame camera was performed and
described (Chapter 4). The primary objective of this part of the study was to investigate
the determination of the IOPs of the FPI-based hyperspectral frame camera, using
bundle adjustment with a self-calibration procedure and to investigate the behavior of
the IOPs for different air gaps of the interferometer. The main conclusions were:


Self-calibrating bundle adjustment with the Conrad-Brown distortion model was
suitable to the accurate estimation of IOPs of the FPI camera model with two
CMOS sensors;
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The IOPs of different bands (consequently, different air gaps) in the same
CMOS sensor did not change significantly, showing that one set of IOPs can be
used for each band. However, the IOPs for each sensor were substantially
different, thus it was concluded that it is more appropriate to determine different
IOPs for each sensor;



The estimated IOPs (in Chapter 4) were assessed using images captured from a
mobile RPAS platform and the results showed that the laboratory parameters
were suitable for the BBA.
A band co-registration procedure is required for the utilization of the

hyperspectral data cubes from the FPI hyperspectral 2D frame cameras onboard a
moving platform. Thus, an evaluation of different 2D geometric transformations for the
co-registration of the FPI camera’s spectral bands was carried out (Chapter 5). In the
experiment using simulated flat area and no flat area, the best transformation function
was the second order polynomial 2D transformation, which presented image coordinate
RMSEs varying from 0.3 to 0.4 pixels in flat areas and from 1.88 to 3.6 pixels in areas
with 30% of depth variation. The RMSE for real scenarios can expect to be higher.
Thus, it was concluded that the band registration using 2D transformations is not
suitable mainly due to the relief displacement effects. Possible operational solutions to
reduce this problem, when using 2D transformations for band co-registration, is using
low flight speed depending on the object height variations or to adjust the GSD to meet
the registration accuracy (TOMMASELLI et al., 2015). 3D transformation function
using 3D surface model was the most indicated to perform the HDSM generation, as
investigated in Chapter 6, subsection 6.4.1. However, the quality of the band coregistration using 2D map functions was considered sufficient for the initial image
classification process of the FPI cubes.
This study also assessed the determination of the FPI image EOPs for complex
forest areas, with limited access and without open areas to set GCPs. The Brazilian
forest was a good example of this challenging, where GCPs were only surveyed outside
the forest and they were concentrated in the beginning of the strip. Besides, the limited
flight time due to the RPAS operational configurations and the plot area distance from
the border of the forest resulted in image blocks with one or two strips (Chapter 6).
Thus, combining GNSS of the exposure stations data was significantly important in
Brazilian forest areas. The use of more than one band increases the overlaps and
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generate more reference bands for the cube 3D registration. The results showed that
EOPs could be accurate estimated using SfM with self-calibration.
Additional analysis to assess the quality of the estimated EOPs of the remaining
bands were performed using linear interpolation and 3D band matching technique
proposed by Honkavaara et al. (2017). The EOP estimated by linear interpolation
generated RMSEs of the check points image coordinates up to seven pixels, while for
the 3D band matching technique the RMSEs were smaller than one pixel. The results
also showed the importance of selecting suitable reference bands. Mainly, the spatial
distance between the bands needs to be taking into account.
After having investigated and assessed the geometric processing of the FPI
camera data, the main objective was to study, implement and evaluate a methodology
for generation of HDSM, using object space matching approach with multiple bands
and using adaptive parameters based on image classification data.
The VLL method was used to reduce the search space in the process of image
matching, from the object space to the image space and it was named hyperspectral
VLL (HVLL). Correlation coefficient score was suitable even with the spectral
differences between the bands, and it was used in the image matching process
considering spectral bands of different cubes and between bands of the same cube (if
more than one band is set up to be used).
The hyperspectral data was used to obtain classes from the hyperspectral cube
classification. These classes were used to adapt the image matching parameters
(hyperspectral VLL classes - HVLLC), taking into account the characteristics of each
class to change, for instance, the correlation coefficient threshold. The HVLLC
technique provided the estimation of more points in ground areas, which usually are in
the gaps of the canopy. A disadvantage of HVLLC process is the requirement of prior
knowledge about the area (for example, information of tree average heights). In the
execution of the experiments, empirical tuning must be performed, in order to achieve
the best parameters, varying the window size for each class, the acceptance threshold
values and the size of the search space in the height.
This study demonstrated and implemented an integrated approach to generate
multiangular hyperspectral 3D surface model, which contain for each point: 3D
coordinates, spectrum data of the cubes used in the height estimation and viewing angle
geometry of the cubes used in the height estimation. The advantage of the integrated
process, as developed and suggested in this study, is to provide in the same process the
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main data used for remote sensing investigations, avoiding the use of different software
packages, which can have implemented incompatible models for the data process and
not always provide a documental explanation about the algorithms. The point in the
object space is being properly projected to the corresponding spectral bands. The
method implemented applies the information of the images that have sufficient
matching score to project the spectral data and to compute the viewing angles. As a
result, occlusion errors are reduced when recovering the spectral data to the point. The
method also recovers the multiangular geometry by computing the viewing azimuth
angle and viewing zenith angle of the ground points and multiple camera positions. This
information is fundamental to the study and correction of reflectance effects caused by
the viewing angular dependency and providing more features to the vegetation
characterization (BURKART et al., 2015; ROOSJEN et al., 2017).
The HDSM generated was geometrically compatible to the DSM generated using
a commercial software and better in some cases. ALS data was not available for
additional geometrical quality analyses of Brazilian data and the Finnish ALS data was
acquired two years before the FPI image data. The processing chain showed to be
suitable for the HDSM generation of the boreal forest (Vesijako) area and the tropical
Atlantic forest area (Ponte Branca).
The current method proposed and the results showed to be suitable for the
generation of 3D data connected with multiple spectrum and multiangular information.
This data has a great potential in remote sensing researches, although this was just the
start of other issues that need to be addressed. The method implemented is object space
based, thus the projection of the point to the image space gives a good approximation of
the point location; however, errors in the image orientations can affect the quality or
increase the search space. The use of a search in the epipolar lines, as well as,
considering the exterior orientation parameters quality can reduce these drawbacks.
Other methods to improve the point-image visibility/occlusion verification is still a
topic to be studied and implemented. A disadvantage of using a regular grid is that only
one point can be estimated per planimetric grid position. Adaptation of this method
could be done by using irregular grids or multiple cells for each grid point.
In contrast to image space-based DSM generation methods, for instance in
PhotoScan, the HVLL method can be considered simpler since it is object space-based
and therefore the point’s 3D coordinates are directly obtained without extra
computations required in the image space based algorithms, such as disparity map
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fusion and point cloud merging steps. However, the use of optimizations and parallel
processing techniques to increase the computing speed is recommended. Besides, a
study to compress the large amount of data in the HDSMs (increasing with the size of
the area, the overlaps and the number of bands), combined with the use of standards for
the outputs, will be performed, which ease further use in other applications.
Quality assessment of the resulting HDSM using spectral reference data provided
from other sensors is also an important task in order to use this data for analysis, such as
estimation of vegetation parameters or vegetation classification.

8.2

Conclusion

This study described an approach to simultaneously generate 3D information
integrated with multiple spectral and viewing angle geometry, using dense image
matching applied to hyperspectral 2D frame images acquired by small UAVs.
Furthermore, a technique to improve the tuning of matching parameters based on
reference classes from the classification of the hyperspectral images was proposed.
Experiments were performed using UAV-borne image data sets captured using tuneable
filter based sensor from a dense tropical forest in Brazil and a sparser boreal forest in
Finland. The results show that the proposed technique can be used to generate 3D
information compatible with the accuracy of mainstream commercial software.
Furthermore, advantages of the proposed method include simultaneous calculation of
multiangular hyperspectral data and better quality for points in forest gaps. The 3D
hyperspectral data from the RPAS remote sensing system can provide insights and data
for several types of forest studies, such as successional stage, biomass estimation,
species classification and monitoring of biodiversity and health, and is especially
valuable in studies regarding the preservation of the tropical forest fragments. This lowcost and lightweight system can be easily used for temporal data acquisition by
providing data with very high spatial and temporal resolutions. Consequently, the
development of an all-in-one matching method providing both 3D object surface and
multiangular spectral information directly from hyperspectral images is a powerful
object characterizing tool that will be useful in a wide variety of earth measurement
problems.
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