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Abstract  

In this research two different riverine ecosystems will be monitored using the new lightweight FPI-

hyperspectral camera developed by Rikola in combination with a fixed wing Unmanned Aircraft 

Vehicle platform (UAV). Frame based imagers offer an interesting alternative to push broom 

scanners since the retrieved data can be processed with photogrammetric algorithms obtaining an 

estimate of the 3-d model of the terrain. In the present work a literature review on hyperspectral 

remote sensing, platforms, sensor types, remarkable UAV based sensors and data extraction 

methods is presented. Subsequently an operational workflow is described, and implemented with 

real data. 228 frame images with 10 bands and 526 frame images with 5 bands were processed band 

by band. Parameters were fine-tuned in order to obtain best results. Geometric and radiometric 

correction procedures were performed and resulting orthomosaicks inspected. Final processed 

hyperspectral cubes were used for narrowband-specific feature selection/extraction methods.  

This research took place under the Remotely Piloted Aircraft Multi Sensor System (RPAmSS) 

project of the Carinthia University of Applied Sciences.  
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1 Introduction   

1.1 Motivation  

River ecosystems are in their very nature complex environments.  Strongly influenced by change 

these ecosystems connect terrestrial, freshwater and coastal marine biotopes in an open transport 

and migration route. The growing interest of rivers by academic and non-academic institutions 

proves the broad impact this environment has on society, from the ecosystem services they provide 

up to the natural risks they entail  (van der Velde et al. 2008) . A deep understanding of this 

ecosystems is hence necessary.  

Understanding a fluvial system requires a broad perception. Their variability in terms of physical, 

chemical and biological characteristics are defined on a multidimensional scale, with a high temporal 

heterogeneity and dynamics operating at a broad spatial scale. Even though lotic and riparian 

ecologists have investigated in the inherent relation between biotic and abiotic factors, approaches 

monitoring rivers in a holistic way are recent, and the usage of remote sensing tools or geographic 

information sciences (GIS) are naturally becoming a basic methodology (Carbonneau and Piégay 

2012). While remote sensing allows to obtain imagery and data over entire catchments (Mertes 2002, 

Fonstad and Marcus 2010) the scale and the sensor remain key factors to choose the method of 

data acquisition. Unmanned airborne vehicles (UAV) used for remote sensing are increasingly 

utilized in a wide variety of environmental monitoring applications. While their versatility allows 

them to be easily deployed, the flight altitude allows for flexibility regarding spatial scale 

(Honkavaara et al. 2013b). Among the various types of sensors used in remote sensing hyperspectral 

imaging (HSI) is one of the most conspicuous river monitoring tools on the rise during the past 

decade. The correlation and connectivity between biophysical and biochemical properties to specific 

wave length bands can help characterize riverine components such as riparian habitats, water 

sediment concentration or bathymetric measurements (Heege 2002). The cooperative R&D project 

“Remotely Piloted Aircraft multi Sensor System” (RPAmSS) started in November 2014 with the 

major goal of developing, applying and quantitatively asses the capabilities of an efficient unmanned 

multisensory system for high-resolution detection of multidimensional environmental data. This 

system will examine the applications of long term ecosystem monitoring, obtaining air quality data, 

meteorological data, RGB, NIR and hyperspectral imagery, complementing the portfolio of satellite 

based and airborne based services for environmental sensing purposes. The RPAmSS used in the 
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project consists of a lightweight carbon-Kevlar fixed wing aircraft equipped with a lightweight 

(720gr) frame based hyperspectral camera developed by Rikola (Mäkeläinen et al. 2013)  . This 

camera is equipped with a tuneable Fabry-Perot Interferometer (FPI) and is able to capture images 

with a real spectral response in each pixel with no interpolation. With a spectral resolution of >10 

nm FWHM it has a default spectral range from 400 nm until 900 nm and a maximum resolution of 

1024 x 1024 pixels (Rikola 2014). This multisensory system will be used to monitor riparian 

vegetation change in dynamic river environments. The selected study areas are the rivers Gail and 

Drau. Both rivers are within the European protected/Natura 2000 network and have been subject 

to river restoration programs (Sereinig 2010, 2011)  within the European Life Nature framework. 

1.2 Problem definition 

The purpose of this study is to assess and quantify the operational capabilities of a UAV platform 

based FPI Rikola camera for land cover understanding of riparian ecosystems. Studies testing the 

capabilities of this lightweight hyperspectral camera are scarce. One of the first published efforts 

making use of this camera was a study held by the VTT, the Technical Research Centre of Finland 

(Saari et al. 2009). In this paper several prototypes were tested proving the capabilities of this camera 

to be implemented in a UAS for diverse purposes in various fields i.e. forestry, water research or 

precision agriculture (Rikola 2014). However, approaches using a fixed wing UAS platform for the 

FPI Rikola camera are a novelty. Therefore, processing workflows for hyperspectral data assessment 

are to be established in order to investigate in the capability of the small scale hyperspectral system 

to represent the real world river environment. It is planned to inspect the level of accuracy derived 

from changing the sequential order of specified processes such as the co-registering and creation of 

mosaics, in the initial data processes. Multi temporal data could provide with fundamental data 

concerning river dynamics contributing with valuable information to assess biodiversity, model 

change detection or quantify water sediment concentration (Thenkabail et al. 2012). 

1.3 Research Questions 

River ecosystems have gained increased importance at a European level, and a proof of this are the 

initiatives the European Water Framework Directive is taking to ensure a good ecological status of 

European rivers. For this purpose river monitoring plays an important role. Therefore, the main 

aim of this thesis is to inquire in the operational possibilities the recently developed hyperspectral 
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camera can provide in the field of riverine ecosystem monitoring. To support the achievement of 

this objective the following questions are formulated: 

 What is the usability the UAS based hyperspectral sensor can provide in terms of riverine 

ecosystem monitoring applications? 

 What kind of information can be extracted from the above mentioned operational system? 

 What are the main concerns in terms of quantitative data acquisition? 

1.4 Expected Results  

 While the main objective of this research is towards analysing the capabilities of the Rikola 

Hyperspectral camera for river monitoring purposes, the following outcomes are expected. 

 A literature review concerning hyperspectral remote sensing and its recent developments. 

 A processing workflow to assess UAS based Hyperspectral data acquired from the 

Rikola FPI camera. 

 Implementation of feature selection/extraction approaches to the hyperspectral data. 

 



 

6 
 

2 State of the Art and Literature Review  

2.1 Introduction 

Remote sensing is defined as any process whereby information is gathered about a feature, area or 

phenomena without being in contact with it. Given this rather general definition remote sensing 

has come to be associated with the measurement of the interaction between Earth’s surface and 

electromagnetic energy. To measure this interaction two broad kinds of sensors are present-passive 

sensors and active sensors. Passive sensors measure scene levels of existing sources of energy while 

active sensors provide their own source of energy. The earliest example of a passive sensor 

technique would be photography. By contrast a well-known active sensor would be flash 

photography. Hence if applied to environmental monitoring LiDAR (Light Detection and Ranging) 

would be a good example. Although most remote sensing instruments make use of electromagnetic 

energy, the electromagnetic spectrum is very broad and not all wavelengths are equally relevant, nor 

equally efficient in measuring determined features. External factors have to be considered such as 

the atmosphere, which attenuates the shorter wavelengths –hence these are often excluded in 

remote sensed images- or the blue wavelengths which undergo substantial attenuation by 

atmospheric scattering. On the other hand, the green, red and near-infrared (IR) wavelengths 

provide good opportunities to research on the interaction between Earth’s surface and the 

electromagnetic energy. Chlorophyll for instance is a good absorber of red visible wavelengths while 

the IR gives important clues regarding the structure of the plants leaves. Figure 1 shows the 

electromagnetic spectrum and the different ranges. Remarkable wavelengths  
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The majority of remote sensing is done with passive sensors where the sun is the major energy 

source (Eastman 1995, Thenkabail et al. 2012). The scope of passive sensors is the interaction of 

the sun’s electromagnetic energy on different features. Three different types of interaction can 

follow when this happens, reflection, absorption and/or transmission.  Passive sensors capture the 

reflected portion of energy. The amount of reflected energy will vary and depend on the physical 

properties of the nature of the material being sensed and where in the electromagnetic spectrum 

our measurement is being taken. As a result, we will obtain the spectral response pattern of a component 

over a range of wavelengths. This spectral response pattern is also called a signature and it is defined 

as the description of the degree to which energy is reflected in different regions of the spectrum. 

Finding unique spectral response patterns is key to most computer-assisted interpretation of 

remotely sensed imagery. This task is trivial in a dynamic environment, where components usually 

have different spectral responses depending on the time of the year.  

 

 

Figure 2 Spectral response of different features, adapted from (Thenkabail et al. 2012) 

Figure 1 Electromagnetic spectrum, extracted from (Eastman 1995) 
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An example of the ideal spectral response of vegetation, water and dry bare soil is illustrated in 

Figure 2. In order to photosynthesize light chlorophyll shows a strong absorption of wavelengths 

in the blue and red portion of the visible spectrum (approximately from 0.390 to 0.770 um) 

giving leaves the characteristic green colour. Hence, while this signature is different from non-

vegetated surfaces, it is hard to identify different vegetation species in this short range. But it is in 

the near-infrared where we find a much higher return from vegetated surfaces because of scattering 

within the fleshy mesophyllic layer of the leaves. Broadleaf or needle species do not respond to 

absorption in this region, leading to significantly different responses depending on the internal 

structure of the leaves/needles, which associated to levels of moisture can lead to an identification 

of the specie. The characterization of elements through an analysis of the spectral range is a well-

known approach in spectroscopy, from which remote sensing can make an incommensurable use 

of. 

2.2 Spectral Sensors, multispectral and hyperspectral. 

In the visual interpretation of remotely sensed images many factors come in consideration such as 

light, textures, dimensions, patterns etc. Yet computer assisted approaches do require from 

measurable variables. That’s why a strong emphasis has been given to multispectral and 

hyperspectral sensors, which as our eye, are able to measure reflectance in various bands. The 

location of these bands, and their range will determine their usability, allowing for empirical analysis 

of images. 

Every imaging system has its own spectral range. This can be defined either by a filter, a detector or 

a combination of both. A multispectral Sensor (MS) is a passive sensor that is able to discriminate 

wide regions of the electromagnetic spectrum, were each of those regions is called a band. They 

usually capture from three to ten bands. Frequently those sensors have bands covering the blue 

spectrum (450nm to 520 nm), the Green spectrum (520nm to 600 nm), the Red spectrum (600nm 

to 690nm) and bands in the Infrared Range (IR) (700nm to 1mm).  

The first usage of multispectral remote sensing techniques dates back to the 1960’s. During World 

War II the United States Department of Defence made use of Colour Infrared Sensors to 

differentiate artificial features such as camouflage from a background of natural vegetation.  Non-

military applications fuelled practical consideration of imaging sensors that could not only exploit 
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the infrared (IR) region of the electromagnetic spectrum but also discriminate the blue, green, and 

red and near infrared.  

The natural outgrowth and further development of this technique derived in more and narrower 

wavelength capture, also called hyperspectral imaging. The number and narrowness of the bands 

might be the most noticeable difference between those two imaging techniques types. But the main 

differences between these two types of data is not to be characterized due the physical capabilities 

of the different sensors involved but rather on the goal behind the acquisition of data (Govender et 

al. 2008). In its early days’ multispectral imagery has mainly been used for pattern class-based image 

analysis, for example land cover/land use classification in agriculture, disaster assessment, geology, 

etc. Features that are not mixed and identifiable through their spectral signature.  

On the other hand, hyperspectral imagery provides a higher level of complexity, a higher level of 

spectral detail, allowing for target class-based image analysis, were the features of interests are no longer 

patterns of large areas, but objects that cannot be visualized by inspection, nor there is previous 

information of them. Some examples of this kind of target class-based analysis could be anomaly 

detection, endmember extraction, man-made target detection etc. (Chang 2013).  

 

2.3 Hyperspectral remote sensing  

Recent advances in hyperspectral remote sensing techniques have proved them to be one of the 

most efficient and fast-developing directions of Earth Remote Sensing (ERS). Hyperspectral images 

have proven to be applicable in many fields such as resource management, mineral exploitation, 

agriculture, forestry or environmental monitoring. But an effective use of hyperspectral images 

requires from an understanding of the underlying technology, the limitations the sensor can have 

and the various existing strategies for processing the data. This section covers a general overview 

on the different sensors and technologies, platforms and best practices in Hyperspectral Imaging 

(HSI). Hyperspectral images are created by imaging spectrometers. This instruments are derived 

from the convergence of two related but distinct technology fields, spectroscopy and remote 

imagers. Spectroscopy is the study of light that is emitted by or reflected from materials and its 

variation in energy with wavelengths (Peg Shippert 2004). As applied to the field of optical remote 

sensing, spectroscopy deals with the spectrum of sunlight that is diffusely reflected by materials on 

the earth’s surface (Randall Smith 2012). Typically, an optical dispersing element splits this light into 
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many narrow adjacent wavelength bands, subsequently each wavelength band is measured. On the 

other hand, remote imagers allow for measuring light from different adjacent areas. Before 

multispectral and hyperspectral sensors appeared, this was limited to a low spectral resolution, 

however recent advances allow for high spectral resolution comparable to ground-based 

spectrometers. The image produced by a spectral imager is a three-dimensional multivariate data 

structure called hyperspectral cube. With the position along the two axes and the wavelength on the 

third, an example image is provided in Figure 3. 

 

Figure 3 Hyperspectral Cube with 4 bands (Larsen et al. 2011). Each pixel is a vector showing the intensities of a location x, y in the 
different z bands. 

Raw imagery comes in Digital Numbers (DN) or in spectral radiance. If expressed in spectral 

radiance these values come in mW/ [m2·str·nm] units which can be transformed to reflectance 

values once the imagery has been calibrated with reflectance plates.  The recorded values of the data 

cube can then be converted to radiometric values that are related to the phenomenology of the 

scene providing with a link to spatial and spectral analytical reflectance models, spectral libraries, 

vegetation indices, etc. (Thenkabail et al. 2012). Hence, combining imaging and spectroscopy, in 

other words conjoining the two analysis techniques strongly enhances image perception. 

The technological status of hyperspectral sensors has been determined by two key component 

technologies. One is the spectral filtering technique by which the received scene radiance is divided 

into narrow distinct bands. This division or dispersion of the measured light into wavelength bands 

can be done through different elements such as dispersive gratings, prisms, multi-order etalons, 

interference filters, Michelson’s interferometers or acoustic-optical tuneable filters.  The second one 
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is the detector array technique which allows multiple spatial and/or spectral samples through one- 

or two-dimensional arrays. 

2.4 Hyperspectral sensor  

Two main classification approaches are taken to categorise Hyperspectral Sensors (HSS). In this 

section those approaches are presented. First, a classification based on the spectral selection 

approach, secondly a classification based on the image acquisition mode. Regarding the spectral 

selection we find the following hyperspectral systems, (1) HSS with a dispersion element, such as a 

grating or prism, (2) Filter-based Systems, as the ones containing an Interference filters, Acousto-

Optical Filters (AOTF) or a Liquid Crystal Tunable Filter (LCTF); (3) Interferometer-Based 

Systems, mainly Michelson Interferometer and Fourier Transform Interferometer Systems and (4) 

Others such as Multi-order etalons. Concerning the second approach of classification, which is 

regarding the acquisition mode, the following classes can be described: 

2.4.1 Whiskbroom scanners 

In this type of sensors, also called spotlight sensor, an on-axis optics with scan mirrors sweep 

from one edge of the swath to the other reflecting the light into a single detector or a single-line 

detector. The field of view of the scanner is covered by a low number of detectors, therefore 

lesser features are subject to calibration (Thenkabail et al. 2012).  Because the detector is only 

focused on a subpart of the swath at any time during its instant field of view (IFOV) it normally 

receives stronger signals as it looks at each pixel area for longer than a push broom scanner. 

The main disadvantage of this kind of scanners is that their moving parts coupled on, for 

example, an aircraft, can make spatial measurements problematic inducing to non-uniform 

mapping if not a tight geometric control is applied. Another disadvantage is that the complex 

moving parts make it prone to wear out (VIS). This kind of sensors is usually mounted on space 

borne satellites or airborne platforms, such as the NASA’s AVIRIS hyperspectral instrument 

(Carbonneau and Piégay 2012). 

2.4.2 Push broom scanners 

In a push broom scanner, a line of sensors is arranged perpendicular to the flight surface. The 

motion of the platform realizes the scan in the along-track direction. In a two-dimensional 

detector one dimension represents the swath width or spatial dimension, and the other the 
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spectral range. Their main advantages are that they are lighter, smaller and less complex than 

their whiskbroom counterparts. They also have better spatial and radiometric resolution. On 

the other hand, more detectors require more calibration procedures. These kind of imagers are 

classified into Wide Field Imagers and Narrow Field Imagers. 

2.4.3 Staring imagers 

The growing interest in staring imagers has derived in advances in tunable filter technologies 

(Gupta 2011). These include acousto-optics tunable filters (AOTF), diffractive optics 

technologies, and micro-electromechanical systems (MEMS) based Fabry-Perot tunable filters. 

The Rikola camera used in this study is a Fabry Perot Interferometer based hyperspectral 

snapshot camera. 
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2.5 Hyperspectral Sensor Operational Platforms 

2.5.1 Satellite Hyperspectral Imaging 

Satellite observation of the earth has greatly altered the field of remote sensing. Their capacity to 

provide a synoptic perspective of large areas in combination with a repetitive, systematic coverage 

(Campbell 1996) allows for wide spatial areas to be covered in one single image, however this wide 

spatial coverage is compromised by a low spatial resolution. Space borne hyperspectral sensors 

aboard satellites are able to provide continuous imagery of Earth surface at low cost. The first 

satellite based hyperspectral sensors were NASA’s Hyperion sensor on EO1, Earth Observation1 

and the U.S Air Force Research Lab’s FTHSI on the MightySat II satellite. While several 

hyperspectral sensors are orbiting around earth, there are no hyperspectral instruments in orbit that 

have the ground resolution needed to map most of the word’s small-to medium sized river 

environments (Carbonneau and Piégay 2012) 

2.5.2 Airborne based Hyperspectral Imaging 

Similar to the scanning mechanism of a satellite based sensor, an airborne sensor generates hundreds 

of individual images along the scan line direction, perpendicular to the flight direction. The spatial 

linkage each of these images require is done thanks to the inertial navigation system (INS) and the 

data itself, however it requires from some post processing and interpretation to attribute the correct 

geographic coordinates to each image. In addition to the flexibility this system provides regarding 

weather conditions, flying at low altitudes allows for sub meter resolution imagery. However, 

airborne hyperspectral images can be costly to deploy on a regular basis, their flight can be delimited 

by poor weather conditions and the flight height, directly related to the spatial resolution of the 

imagery, can be restricted by the security of the aircraft. Common platforms include aircrafts, 

helicopters or zeppelins. 

2.5.3 Remotely Piloted Aircraft Based Hyperspectral Imaging  

Hyperspectral work on rivers has been almost entirely based on airborne based imaging. The spatial 

complexity of rivers does not allow for space borne based hyperspectral sensing as the spatial 

resolution is not meaningful in rivers below a 30m width. Therefore, most of the fluvial 

hyperspectral imagery is airborne. While hiring a flight might be costly, time consuming and weather 

dependant, most recent development in sensors have made UAS based Hyperspectral remote 
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sensing possible. (Honkavaara et al. 2012b, Pölönen 2014, Näsi et al. 2015). This embodies great 

advances in remote sensing as UAS are easily deployable, are not so dependent on weather 

conditions and allow for high spatial resolution, filling in the gap between aircraft based sensors 

and ground based sensors. Allowing for high spatial, spectral and temporal resolution makes this 

platform ideal for highly dynamic environments. 

2.5.4 Ground-Based HS imaging 

This types of sensors were together with lab measurements the first successful application of 

spectroradiometers. These compact low power devices require from innovative approaches to 

reduce the size of the spectral imaging sensors. Usually mounted on low-elevation platforms or 

being held by hand due their lightweight and compact size, in general they are able to measure on a 

spectral range from ultraviolet (UV) to middle infrared 200-2500 nm with a varying bandwidth 

Their applications are diverse, from flaw detection of thin films, to manufacturing control elements 

or detection of gaseous chemicals, making them ideal for the diagnose of resolution limited targets. 

At the beginning of the introduction of airborne and space borne HS sensors, laboratory 

measurements and ground field measurements were used as part of their primary calibration 

(Thenkabail et al. 2012). This ground based HS measurements made it possible to derive a 

continuous spectrum for each image cell. Collections of spectral curves were recorded, also called 

spectral signatures and then related to individual features and stored in the so called spectral 

libraries. These curves are afterwards used for spectral un-mixing and image classification purposes.  

2.6 UAV adapted Hyperspectral Sensors 

The photogrammetric and remote sensing community have benefitted from the mass-market 

strength by leveraging these to design and develop small spectral sensors. The combination of these 

sensors with cost effective UAV’s platforms have opened a new field of study, where the acquisition 

of multispectral and hyperspectral data is not limited by the spatial resolution. Contrary to visible-

spectrum camera developments, which have reached incredible advances in terms of weight and 

image quality, the miniaturization of multispectral and hyperspectral sensors is challenging in terms 

of optics and sensors. Great advances in Micro-Opto-Electro-Mechanics (MOEM) and sensors 

have derived in various consumer-oriented hyperspectral sensors, most of them scoping a growing 

sector in the agricultural domain termed Precision Agriculture. One of the most important 

characteristics needed in this systems is robustness. UAV platforms are continuously subject to 
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vibrations and possible falls, therefore resistance to physical disturbances is a requirement, as a 

result common solutions try to minimize the usage of moving parts or delicate components. To 

fulfil these requirement staring imagers also called snapshot type systems and line scanners are 

usually the most common options chosen by manufacturers. For snapshot type imagers filtering 

components placed in front of the sensor will discriminate the meant narrow bands of the light 

spectrum and filter out undesired wavelengths. On the other hand, in line-scanner or push broom 

scanner systems the functionality is totally different and image acquisition will follow the same 

principle as a desktop scanner, where the movement will be given by the UAV. A list of major HSI 

manufacturers include 3d One, BaySpec, Gamaya, Headwall Photonics, Rikola, Resonon and 

Ximea. A classification regarding their core technologies is described.
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In snapshot systems the following technologies are used: Diffractive grating sensors, Static Fabry-

Perot filters on pixel-level and Adjustable Fabry Perot Interferometers on frame base level. 

2.6.1 UAV based hyperspectral sensor based on a diffractive grating sensor  

This type of sensor has no moving components. This technology splits the incident light in different 

wavelengths through a diffractive grating filtering system, mirroring the resulting beams into a 

CMOS sensor. Figure 4 illustrates the refractive technology. Headwall photonics is a company 

founded in 2003 with headquarters located in Fitchburg, Massachusetts and in Diegem, Belgium 

(Headwall Photonics Inc. 2015). They manufacture holographic diffraction gratings, optical 

modules, and fully integrated imaging instruments. Their HSS bases their technology in the all-

reflective diffractive optics approach. Their UAV ready system is the Nano-Hyperspec, which is 

able to acquire hyperspectral narrow bands in a wavelength range from 400-1000 nm, acquiring 270 

spectral bands with a spectral resolution of 2-3 nm on a CMOS sensor of 640 * 480 pixels. The 

framerate of the imager is above 200 fps.  

 

 

 

 

2.6.2 UAV based hyperspectral sensor with fixed individual pixel filtering 

Several manufacturers make use of static filtering systems attached on their CMOS sensor. Most of 

this systems are based on the IMEC mosaicked HSI snapshot sensor. IMEC is a company founded 

in Flanders in 1984 and it manufactures and provides image sensors and vision systems to its 

Figure 4 Diffractive grating filtering system schema. Extracted from Headwall Photonics 
Inc. 2015 
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conjoining partners. Examples of this type of sensors are provided by 3D one, BaySpec, Gamaya 

or Ximea. While the operating approach between companies might differ, the underlying 

technology is analogous. Their approach “spectral filters on multiple pixels” makes use of nano-

filters directly placed above image sensor pixels on a pattern wise distribution, which can be 

mosaicked, tiled or in line. These filters are static Fabry-Perot spectral filters and their wavelength 

discrimination will depend on the cavity heights of each of those filters. The CMOSIS CMV 2000 

is an example of this kind of filter implementation on a CMOS sensor. 

 

 

Figure 5 IMEC, Mosaicked type sensor 

 

 

 

 

Figure 6 IMEC tiled sensor 
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2.6.3 Fabry-Perot Interferometer Sensors 

This type of imager responds to a more flexible instrument, where the Fabry-Perot Interferometer 

is variable and allows the operator to choose the wavelengths to be captured.  The leading company 

following this approach is Rikola Ltd. (Rikola 2014) . Rikola was a spin-off from the VTT (Technical 

Research Centre of Finland) founded in 1993.  Food industry, paper and pulp process control and 

now remote sensing are some of the fields where it performs. They provide cost-effective high end 

technology in the fields of optics, optoelectronics, Micro-Electro-Mechanics and Micro-Opto-

Electro-Mechanics. Their UAV prepared hyperspectral sensor, the FPI-Rikola camera, is a frame-

based snapshot camera providing spectral response in various ranges. Their sensor key features are 

up to 380 spectral bands of true image pixel response, a high Signal to Noise Ratio (SNR) and a 

dynamic range of 12 bit and a spectral step of 1nm. Due the fact that it has a moving part the frame 

rate is limited to 30 fps on a 10 ms integration time.  Figure 7 illustrates the underlying technology 

of the sensor. 

 

Figure 7 Rikola Fabry-Perot Interferometer 

2.6.4 Line scanners/push broom systems 

IMEC technology based line scanners, provided both by Gamaya (models OXI NIR-100S) and 

Ximea (LS Models) are able to acquire higher number of bands despite the fact that they need a 

moving platform. Their customizable range is from 450 to 970nm on a sensor size of 2/3” inches. 

The technical hardware required in this types of sensors is very similar to the previous mentioned 

snapshot sensors. But the distribution of the pixel filters follows a line pattern. The number of 

bands is customizable and can surpass the 100 bands. 
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Figure 8 IMEC Scanner sensor. Fixed Fabry-Perot filters are placed in a gradual order. 
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2.7 Hyperspectral Data Analysis 

Hyperspectral sensors are able to capture the reflectance properties of an element in a three 

dimensional multivariate data structure called hyperspectral cube (Burger and Gowen 2011). Each 

pixel of this cube, also called pixel vector, contains a spectrum representing its light absorbing and 

scattering properties. This spectrum acts like a signature that can be used to estimate the 

composition of the material it represents or to classify the image in components. It should be noted 

that due various effects affecting the image, each pixel vector might be affected by its neighbouring 

pixel (Chang 2003). One of the advantages of Hyperspectral Imaging (HSI) is the vast amount of 

data acquired in each cube. This amount of data is very useful to create calibration and trainings 

sets. This is also called the curse of dimensionality and arises when organizing, dealing and analysing data 

in high dimensional spaces. Classification and quantification of determined components are usually 

the main goals of HSI analysis (Thenkabail et al. 2012). There is a big number of different 

classification and regression algorithms available for handling hyperspectral images and their 

performance will vary depending on the quality of the data and on the approach of the algorithm. 

Classification of hyperspectral images tends to identify objects of similar spectral and spatial 

characteristics. By contrary, target or anomaly detection aims to identify pixels or pixel clusters with 

different spectral characteristics as the ones surrounding those. Classification methods are usually 

divided in two, unsupervised approaches, where the method does not need any real data 

implementation, and supervised approaches, where the analyst feeds the algorithm with training 

data in order to let the algorithm search for similar features. Common unsupervised classification 

algorithms include ISODATA and K-Means.  On the other hand, typical supervised classification 

approaches applied to HSI would be Spectral Angle Mapper (SAM), Maximum Likelihood 

Classification (MLC) or Neural Networks (NN). It is to be considered in supervised classification 

methods that the greater the complexity of the dataset the higher the risk to suffer from overfitting, 

and the vulnerability to the Hughes phenomenon1, i.e. the greater the complexity of the data the 

greater the estimation error and the lower the accuracy of the model.  

                                                 

 

1 The Hughes Phenomenon The difficulty of using hyperspectral data is that they are usually redundant, strongly 
correlated and subject to the Hughes phenomenon, which refers to the fact that in the beginning classification accuracy 
increases as the number of spectral bands or dimensions increases, but decreases dramatically when the band number 
reaches a certain value. 
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If the number of bands of the hyperspectral cube is high a dimensionality reduction procedure is 

usually performed. This involves choosing a basis or a mathematical representation within which 

you can describe most but not all of the variance in your data, thereby retaining relevant 

information. There are several algorithms available to do so such as Principal Component Analysis 

(PCA) and Independent Component Analysis (ICA). A diagram of hyperspectral data mining 

methods is presented in Thenkabail et al. 2012 and is illustrated in Figure 9 as feature 

selection/feature extraction. A feature2 is considered as a subspace of dimensionality M from the 

original feature space of dimensionality N. Highly dimensional data potentially has thousands of 

features to be extracted from. But not all of these features will have a correlation to the target we 

are aiming at, moreover including high amounts of bands to a data mining process can make an 

operation extremely slow and less accurate (Thenkabail et al. 2012).  

 Feature selection refers to manually select the features or bands which are highly discriminative. 

On the other hand, feature extraction typically involves generating new features, an example would 

be a Normalized Difference Vegetation Index (NDVI). A more extensive description of the most 

common methods is described. 

 

 

                                                 

 

2 A feature is a subset from the original dataset. This can be either a band from a hyperspectral image or the result of a 
band algebra operation.  

Figure 9 Data mining workflow extracted from Thenkabail et al. 2012.  
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2.7.1 Projection-based feature extraction methods 

Principal component analysis (PCA)  

PCA is a multivariate unsupervised method used to reduce data redundancy and dimensionality. It 

is a projection based method. Principal components are linear combinations of the original group 

of bands in a way that the principal components are orthogonal to each other, and the information 

maximized in each principal component. It is an unsupervised method were usually the initial 

components show 95% of the variability. For example, in a hyperspectral image of 120 bands the 3 

first PC will represent 99.6% of the variability (Thenkabail et al. 2012). 

 

Figure 10 Principal Component Analysis with the 3 first components masked under a RGB schema. 

 

Independent component analysis (ICA) 

 This is another projection-based approach based on reducing dimensionality through the 

independence of components of hyperspectral data. It assumes the independence of the 

components to estimate them. ICA can be applied on PCA results or on original datasets, it executes 

a linear unmixing operation assuming the components are non-Gaussian, but bands are linearly 

mixed (Thenkabail et al. 2012). 
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2.7.2 Unsupervised Clustering Information extraction methods 

These approaches do not require training data or prior knowledge of the dataset. The output of this 

classification will be a class label for each pixel of the resulting image.  Common unsupervised 

algorithms based on clustering are ISODATA or K-Means.  The labelling of the different classes 

result of these approaches is a supervised process done through visual inspection, requiring from 

ground truth to extract quantitative results. ISODATA and ICAMM are hereafter explained. 

Clustering 

This iterative process classifies pixel vectors to a number of classes based on their similarity 

(Thenkabail et al. 2012). This similarity can be measured through a measure such as Euclidean 

distance, Mahalanobis, Manhattan distance, etc… The algorithm clusters pixels in a user defined 

number of classes using a k-means clustering approach or in a specified defined range if using 

ISODATA. The clustering algorithm will check the distance between a cluster and a pixel vector 

that needs to be classified implementing a clustering quality indicator. During the first iteration all 

the pixels will be assigned a cluster, in the second iteration this cluster will be recalculated and the 

cluster mean reassigned, reclassifying the pixels again. The parameters that can be modified are, 

number of classes, number of iterations, and percentage of pixels migrating from one cluster to 

another. 
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ICAMM 

ICA can be used to derive independent components when the source signals are unknown and the 

mixing information is missing. In a classification problem each independent component can be 

viewed as a set of reciprocally exclusive classes. ICAMM estimates these individual components as 

a linear transformation of the original bands using a statistical independence criterion, and 

afterwards calculates the class density. ICAMM has shown higher classification as k-means 

classification in several studies. (Shah et al. 2007, Thenkabail et al. 2012) 

2.7.3 Supervised Information extraction methods 

Surveying the study area to obtain ground truth is commonly the initial step in any supervised 

classification process. Ground truth will afterwards be referred to an area with known class label, 

and class signatures are the actual reflectance values for a class in all wavelengths. Care should be 

taken while selecting class representatives since from the ground truth a training set and a testing 

set will be created. The second step is reducing the dimensionality to avoid redundancy. For this 

supervised or unsupervised methods can be used.  In the third step the training set is used to feed 

the algorithm, with representative spectral signatures. On the other hand, the testing set will be used 

to estimate the accuracy of the classifier. The fourth step is to classify the entire dataset. Hard 

classification, where each pixel is assigned one class, or soft classification, where the membership 

of each pixel is the output are the results. Finally, a post classification accuracy assessment is done 

using the ground data. If the error is unacceptable the process is repeated. 

Spectral Angle Mapping (SAM) 

This method is a similar method to nearest neighbour classification. SAM uses the similarity in 

angular distance between two pixels, the reference one and the one we want to classify. The 

similarity is measured by considering each spectrum as a vector in a q dimensional space, where q 

is the number of bands. This method easily processes high dimensional data and large images as it 

reduces the dimensionality to the axes. The main advantage of SAM is that it is insensitive to the 

magnitude of the pixel vector. For example, topographic shading usually interferes in the magnitude 

of the pixel but not in the angular distribution. The interference will displace the pixels along the 
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same angular direction, not affecting the angular orientation. Therefore, if topographic shading is 

present or suspected SAM can be a good classifier. 

Maximum Likelihood Classification (MLC) 

This approach is a classic method to classify spectral data when this one is normally distributed. It 

assumes the distribution of the cloud of points forming the category training data to be normally 

distributed. For complex scenarios where this assumption is not true, this method is not valid. MLC 

can be performed based on a Bayesian classification rule, where the training data will be used to 

estimate conditional probabilities, used afterwards to develop the maximum likelihood decision rule. 

MLC accuracy depends on the accuracy of the mean vector and its covariance matric for each class. 

As a rule of thumb the number of pixels for each class is usually between 10 and 100 pixels in order 

to obtain accurate class statistics. As the variability in classes increases, the number of necessary 

training pixels to achieve accurate results also increases. 

Artificial Neural Network (ANN) 

The most common ANN model to process hyperspectral data includes a multi-layer perceptron 

(MLP), radial basis function (RBF) and AdaBoost models. A classic ANN will have one input layer, 

one output layer and one or more hidden layers. The output and hidden layers contain neurons 

were data is handled. Typical training methods for an MLP network include error-back propagation, 

where the data is fed from input layer to output layer, where the neurons process it while the error 

is back propagated from input layer to output layer. To classify a hyperspectral image, we will 

typically fed the network with already extracted features using one of the above mentioned feature 

selection method.  

Figure 11 An MLP network example showing the input layers-in this case principal components-, hidden layers and output layers, 
all with several neurons. Adapted from Thenkabail et al. 2012. 
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Support Vector Machines (SVM) 

SVM can be used for classification, predictive modelling and feature selection. If the classes are 

linearly separable SVM will identify the optimal separation surface between classes. If the classes 

are not linearly separable, then SVM uses a kernel-based method to find a non-linear projectin of 

the data were classes are linearly separable. SVM perform well separating classes with similar means.  

2.7.4 Feature extraction based on information content 

Features can be selected based on empirical knowledge on how the target interacts with radiation. 

An example of feature extraction based on information would be Vegetation Indices. They have 

been extracted based on empirical knowledge, for instance the ratio between the visible wavelengths 

(VIS) and near infrared wavelengths (NIR). Band variance and Vegetation Indices are described. 

Band variance  

Band variance can be considered as a simple way of describing the content of an image based on its 

information content, and be used as a basis for hyperspectral features. The purpose of remote 

sensing is to understand the environment through remotely sensed data. A feature sensible to spatial 

variability in a target typically indicates a direct correlation between the target and the feature. Figure 

12 shows different features, each of them represents the mean of the reflectance curves of 6 

different scenarios. One could suggest the blue, turquoise and yellow feature represent chlorophyll 

surfaces due their high reflectance in the NIR. However, redundancy among highly correlated bands 

can mislead the analysis and therefore should be considered while using this method. 

 

 

Figure 12 Mean spectral distribution of 6 different scenarios. The information provided by their behaviour is related to the surfaces 
they represent, but high dimensional data can mislead the visual interpretation due redundancy. 
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Vegetation Indices (VI’s) 

 

Many Vegetation Indices, also called spectral bio indicators, have been proposed over the last 

decades. Specialists have researched on their applicability and their implementation in Earth 

sciences to estimate the biophysical properties of vegetation. In this section a table with the most 

important VI’s regarding structure, biochemical properties and physiology/stress is presented. The 

major part of the VI’s developed for structural analysis were formulated for multispectral sensors, 

and have been reformulated for hyperspectral approaches. They mainly rely on combinations of the 

Near Infrared (NIR) to Red reflectance, such as the Simple Ratio developed by Jordan 1969. The 

reason behind is that actively growing plants exhibit a high NIR reflectance, approximately 6 times 

stronger than a plant reflectance of visible green light.  Vegetation Indices tend to focus on amounts 

of water, pigments (chlorophyll content, carotenoids or anthocyanins) and plant structural materials, 

such as lignin and cellulose. Those elements have different interactions with the reflected light; 

chlorophyll absorbs in the blue and red, anthocyanins absorb in the green and carotenoids absorb 

in the blue ranges of spectrum. Physiological stress indices were mainly formulated in laboratory 

and require from narrow bands therefore they are strictly hyperspectral. An example would be the 

canopy moisture stress indices, which makes use of the following wavelengths, 970 nm and 1200 

nm which are strongly related to water absorption. In 2008 Cho et al. presented a paper entitled 

Discriminating species using Hyperspectral Indices were biodiversity estimation was done by means of 

discriminating species through the usage of VI’s.  

A list of commonly used Vegetation Indices is presented in Table 1. The following indices will be 

described due their typical implementation in vegetation analysis of hyperspectral imagery: Plant 

Senescence Reflectance Index (PSRI), Anthocyanin Reflectance Index1 (ARI), Photochemical 

Reflectance Index (PRI), Modified Chlorophyll Reflectance Index (MCARI2) and Red Edge 

Normalized Vegetation Index (RNDVI). 
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Dry or senescent carbon indicators  

This type of indicators is used to provide an estimate of the amount of carbon in dry states of lignin 

and cellulose.  Both of these components are carbon based (Merzlyak et al. 1999, Gitelson et al. 

2002b) and are structural components of vegetation. Lignin is used by vegetation as a structure to 

bind cells, fibres and vessels which constitute wood. Cellulose is mainly used in the construction of 

cell walls and plant tissues. 

I. Plant Senescence Reflectance Index (PSRI) 

This index highlights the ratio of bulk carotenoids such as alpha-carotenes and beta carotenes to 

the ratio of chlorophyll.  

𝑃𝑆𝑅𝐼 =
𝑅680 − 𝑅500

𝑅750
 

As an indicator, high PSRI values indicate increased canopy stress (carotenoid pigment), plant fruit 

ripening or canopy senescence. The applicability of this index ranges from crop production, yield 

analysis, plant physiological stress detection and vegetation health monitoring (Thenkabail et al. 

2012).  

Leaf Pigment Indicators 

These group of VI’s were mainly formulated in laboratory (Harris geospatial solutions 2016) and 

require from narrow bands in order to be performed. This VI’s do not measure chlorophyll, but 

stress-related pigments. 

I. Anthocyanin Reflectance Index (ARI2) 

Anthocyanins are the pigments responsible for the coloration frequently occurring in higher plants 

(Thenkabail et al. 2012). Deficiencies in nitrogen, phosphorus, wounding, pathogen infections, 

desiccation, low temperature and UV-irradiation can initiate the induction of anthocyanins. Some 

studies suggest that their ability to relief stress is by internal screening or light trapping, reducing 

the amount of solar radiation reaching photosynthetic apparatus (Merzlyak et al. 2008, Thenkabail 

et al. 2012). This index is a modification of the initial ARI1 

𝐴𝑅𝐼1 = [
1

𝑅550
−

1

𝑅700
] 

Which mainly focused on the difference between reflectance’s at 550 and 700. The ARI2 is an 

improved version showing higher sensitivities of anthocyanins in vegetation. Increases in ARI 

indicate new growth or death through canopy changes. 
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𝐴𝑅𝐼2 = 𝑅800 ∗ [
1

𝑅550
−

1

𝑅700
] 

Light Use efficiency 

This group of vegetation indices are correlated to the efficiency with which vegetation absorbs 

incident light. This efficiency is highly related with carbon dioxide uptake by foliage per unit energy 

absorbed (Thenkabail et al. 2012).  Hence, this index can be used to estimate vegetation productivity 

and stress and is widely used in precision agriculture. 

I. Photochemical Reflectance Index (PRI) 

PRI is the most common carotenoid index. This index is particularly sensitive to carotenoids 

pigments such as xanthophyll pigments in live foliage. (Harris geospatial solutions 2016) . In the 

form of a normal difference spectral index it expresses the down regulation of photosynthesis 

primary induced by high intensities of light (Thenkabail et al. 2012).   

𝑃𝑅𝐼 =
𝑅531 − 𝑅570

𝑅531 + 𝑅570
 

Greenness indicators 

Indices in this group are combinations of reflectance’s that are sensitive to canopy leaf area, 

chlorophyll concentration, foliage clumping and canopy architecture (Harris geospatial solutions 

2016). Most of them are narrowband-adapted versions of broadband greenness indicators. One area 

where these indicators are becoming very useful is in precision agriculture. They mostly make use 

of narrowbands in the Red and NIR spectrum ranges to identify the red edge3.  

I. Modified Chlorophyll Absorption Ratio Index 

This index measures the depth of chlorphyll absorption at 670nm relative to reflectances at 550 nm 

and 700 nm. It is a green leaf area index(LAI) that incorporates a soil adjustment factor.  

𝑀𝐶𝐴𝑅𝐼2 =
1.5 ∗ [2.5 ∗ (𝑅800 − 𝑅670 ) − 1.3 ∗ (𝑅800 − 𝑅550 )

(2 ∗ 𝑅800 + 1)2 − (6 ∗ 𝑅800 − 5 ∗ √𝑅670) − 0.5
 

                                                 

 

3 The red edge identifies the steep transition between the reflectance absorption feature in red wavelengths and the high 
NIR reflectance. The point of maximum slope in this transition is called REP or red edge wavelength Seager et al. 
(2005), Thenkabail et al. (2012). 
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II. Red Edge Normalized Vegetation Index (RENDVI) 

The RENDVI is a narroband adaptation of the broadband Normalized Difference Vegetation 

Index. It focuses on two red narrowbands, 750 nm and 705 nm. Its applicability in precision 

agriculture to identify vegetation abundance has been widely studied (Thenkabail et al. 2012). It is 

able to identify small changes in canopy foliage content, gap fraction and senescence (Harris 

geospatial solutions 2016). 

𝑅𝐸𝑁𝐷𝑉𝐼 =
𝑅750 − 𝑅705

𝑅750+𝑅705
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Vegetation Indices (VI)  Required Wavelengths (nm) Spectral Range 

 Dry Vegetation/Senescent Carbon 
Plant Senescence Reflectance Index  500 480-520 
(Merzlyak et al. 1999)  680 - 
   750 730-780 
 Leaf Pigments 
Anthocyanin Reflectance Index 1  550 540-560 
(Gitelson et al. 2001)  700 680-730 
Carotenoid Reflectance Index 1  510 500-515 
(Gitelson et al. 2002a)  550 540-560 
Carotenoid Reflectance Index 2 (CRI2)  510 500-515 
(Gitelson et al. 2002a)  700 680-730 
PSSR  650 - 
(Blackburn 1998b)  675 - 
  800 780-865 
PSND  650 - 
(Blackburn 1998a)  675 - 
   800 780-865 
 Light Use Efficiency 

Photochemical Reflectance Index (PRI)  531 525-550 
(Gamon et al. 1992, Gamon et al. 1997).  570 560-575 
Red Green Ratio Index (RGRI)  SUM(699-600)   
(Gamon and Surfus 1999).  SUM(599-500)   
 Greenness/Chlorophyll related 

Modified Chlorophyll Absorption Ratio Index (MCARI)  550 540-560 
(Daughtry 2000)  670 650-690 
   700 680-730 
Modified Chlorophyll Absorption Ratio Index Improved (MCARI2)  550 540-560 
(Haboudane 2004a)  670 650-690 
   800 780-865 
Modified Triangular Vegetation Index (MTVI)  550 540-560 
(Haboudane 2004a)  670 650-690 
   800 780-865 
Modified Triangular Vegetation Index - Improved (MTVI2)  550 540-560 
(Haboudane 2004a)  670 650-690 
   800 780-865 
Red Edge Normalized Difference Vegetation Index (RENDVI)  705 697-708 
(Gitelson and Merzlyak 1994, Sims and Gamon 2002)  750 730-780 
Transformed Chlorophyll Absorption Reflectance Index (TCARI)  550 540-560 
(Haboudane 2004a)  670 650-690 
   700 680-730 
Triangular Vegetation Index (TVI)  550 540-560 
(Broge and Leblanc 2001)  670 650-690 
   750 730-780 
Vogelmann Red Edge Index 1 (VREI1)  720 718-722 
(Vogelmann et al. 1993) 
 

 740 730-750 

Vogelmann Red Edge Index 2 (VREI2)  715 714-716 
(Vogelmann et al. 1993) 
 

 726 725-727 

   734 730-736 
   747 742-748 

Table 1  Commonly used VI’s  is presented. The classification is based on (Thenkabail et al. 2012). The first column indicates the 
name and reference, the second column shows the involved wavelengths and the third one the spectral ranges of each narrowband. 
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3 System Overview 

3.1 The Rikola hyperspectral camera 

A hyperspectral sensor allows to characterize the physical geometric and reflectance characteristics 

of the measured features (Honkavaara et al. 2014). Latest developments in hyperspectral sensors 

have moved towards UAV-based imagers. Considering this type of sensors will be susceptible to 

vibrations and dynamic conditions, snapshot-type hyperspectral sensors are a better suited solution 

than the common used push broom scanners. In this field the VTT (Technical Research Centre of 

Finland) and Rikola Ltd. have developed a lightweight (700 g.) frame based 2D hyperspectral camera 

(Saari et al. 2009, Mäkynen 2009, Mäkeläinen et al. 2013). 

 

 

Figure 13Rikola FPI camera (Tommaselli et al. 2016) 

This system - Figure 13- is composed by a hyperspectral FPI imager, a radiance sensor and a GPS 

module. In this study the GPS module was replaced by the rTK module of the platform.  

The imager in itself is composed by the following elements: Short and long pass filters, a lens system, 

a Fabry-Perot Interferometer module and a CMOS RGB sensor. The imager is based on the use of 

multiple orders of the Fabry-Perot Interferometer (FPI) providing a time-sequential band 

acquisition. Through the different spectral sensitivities of the red, green and blue pixels of the image 

the sensor it is able to capture three wavelength bands with a single exposure. In other words, the 

sensor is able to provide different spectral layers by varying the FPI air gap, being capable to reach 

a spectral resolution of above 10 nm Full Width at Half Maximum (FWHM), and a maximum of 

380 spectral bands. As the Fabry-Perot interferometer is one of the crucial elements in this 

hyperspectral imager, an introduction to the component is given. 

 A Fabry Perot Interferometer consists of two semi-transparent mirrors that are placed parallel with 

the reflective surfaces facing each other. This forms an optical resonator where constructive 
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interference allows certain wavelengths to be transmitted through the interferometer while others 

are reflected. The distance between the mirrors determine which wavelengths pass through to the 

sensor. The implementation of a piezo-actuated mechanism which tunes the distance between the 

mirrors allows for a selection of the sensed wavelengths on behalf of the required time. A functional 

diagram with the parts involved is presented in Figure 14. The longpass and shortpass filters can be 

selected when purchasing the system. In this study the filters discriminated a range between 450nm 

and 800nm, covering the VNIR wavelength of the Electromagnetic Spectrum. 

This technology surpasses traditionally used push broom scanners in a way that it provides spectral 

data cubes with area format, thus permitting stereoscopic analysis and multiray views when 

overlapping images are used. (Näsi et al. 2015). The specifications of the camera used and the 

schematics are visualized in Figure 14 and  

Table 2. The time sequential principle involved in the acquisition of imagery strongly influences 

data in a way that if the FPI camera is in motion the spectral planes will not be overlapping, but 

rather displaced. This has implications in UAV based hyperspectral remote sensing.  

 

Figure 14 Rikola FPI Camera (Pölönen 2014) The short and low pass filters are adapted to the user’s need.  
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Parameter Value(s) 

Spectral Range 450 - 800 nm 

Spectral Resolution 10 nm, FWHM 

Spectral Step ~ 1 nm 

Number of channels 
Maximum of 50 bands with CF memory, 380 bands in 

laboratory 

Sensor 
1010 * 1010 pixels for each band, CMOS, 5.5 * 5.5 

microns / pixel 

Frame Rate 
Frame rate with 10 ms exposure time and 1010 x 648 

pixels image size. 

Dynamic range 12 bits 

Horizontal/Vertical 

FOV 
36.5 degrees 

F-Number ~2.8 

Focal Length ~ 9 mm 

Ground Pixel 6.5 cm at 100 m altitude 

Exposure Time integration time 0.06-3000 ms 

Power Consumption 5.3 w average, 10.5 w momentarily 

Operational Voltage 7 - 9 V, 7.5 V recommended 

Weight 720 g, without battery, GPS and irradiance sensor 

Dimensions 89.5 * 172.7 mm including connectors 

 

Table 2 FPI-Rikola camera specifications extracted from (Rikola 2014). 

3.2 Platform  

The UAS used in this study is the main component of the Remotely Piloted Aircraft multi Sensor 

System (RPAmSS) project hosted at the FH-Kärnten. The RPAmSS project intends to serve as a 

multidimensional and multitemporal data acquisition platform for environmental monitoring 

purposed, focusing on riverine ecosystems and on the Atmospheric Boundary Layer4 (ABL). The 

                                                 

 

4 The atmospheric boundary layer (ABL), is the lowest part of the atmosphere, extending from the ground to the bottom 
of where cumulus clouds form. Its behavior is directly influenced by its contact with a planetary surface. 
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crucial part of the system consists of a catapult-launched fixed wing that serves as platform to the 

different environmental sensors that are either being used simultaneously or separately. The 

platform itself is a Bramor rTK  from C-Astral (C-Astral d.o.o Gregorčičeva ulica 20, 5270 

Ajdovščina, Slovenia). The system was presented to the public in 2013 as an updated version of the 

Bramor, adding a rTK (GNSS PPK-Post processing kinematics) module to enhance accuracy at 

post processing. The complete system consists of an airframe, a Ground Control System (GCS) and 

a catapult platform. The airframe is a modular blended wing body manufactured with CAD/CAM 

technology from advanced composite materials (Kevlar/Carbon/Vectran). It carries a brushless 

engine to minimize vibrations, a Li-Po battery set, and a multisensorial system formed by an optical 

passive sensor, either a RGB camera, a NIR camera or the FPI Hyperspectral camera and an air 

quality sensor module. The Specifications of the Bramor rTK are described in Table 1. 

The Li-Po battery set allows for a flight autonomy of 150 minutes and an operational ceiling of 5000 

meters AGL. This fixed wing is able to operate with winds of 17m/s, carrying a kestrel autopilot 

from LockHeed Martin it combines high precision autonomous operations with data acquisition, 

turbulent air penetration and extreme stability with long endurance. Equipped with passive sensor 

systems it is able to provide low flights with a wide coverage and the ability to carry greater payloads 

at lower power consumptions. This characteristic makes this kind of fixed wing platform ideal for 

environmental sensing purposes. Regarding accuracy, the platform is equipped with a C-Astral high 

rate GPS, an IMU precision data logging system. 
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Figure 15 Bramor rTK from (C-Astral d.o.o Gregorčičeva ulica 20, 5270 Ajdovščina, Slovenia) 

 

 

 

Parameter Value(s) 

Wingspan 230 cm 

Length 96 cm 

Weight 4.5 kg 

Flight time 2.5 h 

Flight range 40 km 

Optimal Cruise Speed 16 m/s 

Max Horizontal Speed 23 m/s 

 

Table 3 Bramor rTK Specifications 

  



 

37 
 

4 Study Site 

The RPAmSS project tries to research on the practical capability of Unmanned Aerial Systems 

(UAS) for environmental monitoring with a special focus on river ecosystems. The ecological value 

rivers have has been studied and is reflected in the different National and European level directives. 

LIFE and NATURA 2000 would be an example of those directives. Natura 2000 is a network of 

nature protection areas in the territory of the European Union and it is made of Special Areas of 

Conservation (SACS) and Special Protection Areas (SPAs) designed respectively under the Habitat 

Directive and Birds Directive. The approach to conservation and sustainable use of Natura 2000 

areas is to ensure the long term survival of Europe’s most valuable and endangered species . On the 

other hand the LIFE programme is the EU’s funding for the environment and climate action 

(European Commission). 

Located in Carinthia and embodying the typical alpine fluvial ecosystem, the two study areas have 

been selected due their importance at a European level, both of them were restored through LIFE 

projects and are under NATURA 2000 regulations. 

On one hand we have the study area of river Gail, located in Gailtal east of Hermagor. It has a total 

area of 83 ha and is located between an altitude of 580-600 m above the Adriatic Sea. This area is 

of special interest for birds. 

The second study area is located in the Upper Drau River. Selected as part of the NATURA 2000 

network as early as 1998 it is located to the North of Fellbach. The area comprehends 1060 ha on 

a length of 68.5km. The height above sea level is between 580-620 AMSL. This area has been 

selected as it was re-naturalized to enhance the ecology value. 

 



 

38 
 

 

  

Figure 17 General overview of both study areas located in Carinthia, Austria. The first Study area also called Feistritz 
surrounds a small fraction of river Gail. The second study area, Obergotesfeld encompasses the upper part of river Gail 

 

Figure 16 Study area of Feistritz  and the European protection delimitation. 
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Figure 18 Study area of Obertgottesfeld  and the European protection delimitations. 
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5 Method  

The planned methodology consists of three main phases, namely (1) Planning and acquisition of 

imagery, (2) Design and implementation of a processing workflow, (3) Image analysis and (4) 

Visualization and evaluation of results. The steps are described below. 

5.1 Planning and Acquisition of imagery 

Data acquisition by UAV platforms for research applications is still at a proof of concept stage. One 

of the reasons of this early stage of development is that the operational framework for working with 

UAV platforms is not completely defined (Mesas-Carrascosa et al. 2015). For simple models, Above 

Ground Level (AGL), flight mode, number of Ground Control Points (GCP’s) and sensor 

parameters will determine the spectral and spatial quality of the orthomosaicked image. Those 

parameters will be strongly related to the UAV architecture (i.e. fixed-wing, rotor-wing, blimp, etc.) 

and the type of sensor used.  

 The Altitude AGL will determine the pixel size of the registered image, the area flown and 

the flight duration to cover the area. The selection of the altitude AGL has to guarantee a 

sufficiently fine spatial resolution and spectral discrimination and at the same time cover the 

area of study in an efficient way. To accomplish a fine spatial resolution it is necessary to 

know the required pixel size,  Hengl 2006 postulates that at least 4 pixels are necessary to 

identify the smallest object in an image. In this study features are mixed therefore the aim 

goes towards the finest resolution possible. To obtain the photographic footprint of the 

acquired images some simple calculations have to be done  

𝐹𝑂𝑉𝑤𝑖𝑑𝑡ℎ(ℎ𝑒𝑖𝑔ℎ𝑡) = 2 ×  𝑡𝑎𝑛−1 xs 𝑦𝑠

2f
   

𝐹𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡 𝑊𝑖𝑑𝑡ℎ = 𝐻𝑓 × [tan(𝛼 + 0.5 × 𝐹𝑂𝑉𝑤𝑖𝑑𝑡ℎ) − tan(𝛼 − 0.5 × 𝐹𝑂𝑉𝑤𝑖𝑑𝑡ℎ)]  

𝐹𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡 𝐻𝑒𝑖𝑔ℎ𝑡 = 𝐻𝑓 × [tan(𝛽 + 0.5 × 𝐹𝑂𝑉ℎ𝑒𝑖𝑔ℎ𝑡) − tan(𝛽 − 0.5 × 𝐹𝑂𝑉ℎ𝑒𝑖𝑔ℎ𝑡)]  

𝑃ℎ𝑜𝑡𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐 𝑓𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡 𝑓𝑟𝑜𝑚 𝑈𝐴𝑉 = 𝐹𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡 𝑊𝑖𝑑𝑡ℎ × 𝐹𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡 𝐻𝑒𝑖𝑔ℎ𝑡  

 

Equation 1 Where xs is the width of the camera sensor in mm, ys is the height of the camera sensor in mm, Hf the AGL in meters 
of the platform, and alpha and beta the gimbal angles from the x and y axis respectively in degrees. 
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 The operational mode of the UAV will be determined by the flight settings. Autonomous 

flight piloting systems allows the pilot to outline a certain study area where the plane will fly 

over, the flight height and the flight speed. Manual systems require from more personal 

skills as they involve the pilot’s abilities to take on, manoeuvre above the study area and 

land.  

 Ground Control Points are used to enhance and evaluate the quality of the orthomosaicks. 

They are implemented in the Structure from Motion algorithm to enhance the internal and 

external position of each image, with the intention of estimating the pixel location in a 3-

dimensional model. GCP are therefore very important.  

o In order to obtain quantitative spectral measurements of the images, ground truth 

data has to be implemented in the pipeline.  This ground truth data is commonly 

provided by reflectance plates/targets with known reflectance values and will be 

used to transform Digital Numbers (DN) into reflectance values. These targets are 

dispersed before the flight mission takes place through the study area and are located 

in the resulting imagery to perform the calibration.  

5.2 Design and implementation of a processing workflow 

A processing workflow has to be designed in order to obtain quantitative imagery from hundreds 

of small UAV images. The following processes have been investigated and are here below described 

based on Honkavaara et al. 2016.  

1. Laboratory Calibrations, this includes sensor-related calibrations such as Dark Signal 

Compensation, and Principal Pixel Estimation. 

2. Determination of the geometric imaging model through alignment. Interior and exterior 

orientations are obtained after a tie point extraction. 

3. Quality assessment, pictures are screened 

4. Usage of Dense Image Matching to create a DSM 

a. Sparse point cloud generation and manual removal of outliers 

b. Dense point cloud generation  

c. DSM creation derived from the Dense Point cloud 

5. Creation of Orthomosaicks 

6. Co-registration of individual bands to a master band in RGB 

7. Band matching 

8. Radiometric correction through empirical line if reflectance plates are available 

9. Analysis of imagery 
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The processing of the images is a well described process  for rotary wing platforms(Mäkynen et al. 

2011, Hakala et al. 2013, Honkavaara et al. 2013a), in this study, as a consequence of the fixed wing 

architecture of the Bramor rTK, some of the processes had to be adapted. The described workflow 

is presented as a conceptual model in Figure 19. 

In the next section the different steps are described grouping the processes whether they relate to 

laboratory calibrations, geometrical processing (2-7) or radiometric processing (8-9).  

5.2.1 Laboratory calibrations  

The involved processes in the laboratory calibrations are defined and explained in the hyperspectral 

imager software. This stage can be implemented before the flight campaign or afterwards. Sensor-

related calibrations are applied to the raw imagery, these include Dark Signal Compensation, the 

usual corrections for Photon Response Non Uniformity (PRNU) (including the CMOS array no-

uniformity and lens falloff corrections). These parameters are determined by the VTT’s calibration 

laboratory. To reduce the Signal to Noise Ratio (SNR) Dark Signal compensation is applied to the 

images. Sensor noise are additional measurements that are generated by a sensor, independently to 

an incoming signal. The method approached to reduce this noise is by capturing a dark image to 

exploit the independence in the origin of sensor noise from the incoming signal component (Kelcey 

and Lucieer 2012).  

  

Laboratory calibration 

 Dark Signal compensation 

 Sensor Calibration 

 

 

Geometric Correction 

 Tie Point Identification 

 Estimation of interior and 
Exterior orientations 

 DSM 

 Orthomosaic 

Band matching 

 Individual band 
Georeferencing 

 Co-registration/band 
stacking 

Radiometric correction, either: 

 QUAC correction 
or 

 Empirical Line Correction 

Image evaluation and inspection 
  

 Feature 

Extraction/Selection 

Figure 19 Processing workflow to process hyperspectral data. Different approaches have to be taken depending on the sensor 
platform. Typically imagery acquired from a slow platform can be coregistered on the raw extracted multiband images. 
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Geometric processing 

This phase includes all the operations needed to obtain an orthomosaic of each individual band. 

PhotoScan Professional Software (Agisoft LLC.) was used for this purpose. Its performance has 

been validated in several studies (Näsi et al. 2015, Honkavaara et al. 2016). PhotoScan carries out 

photogrammetrical 3D reconstruction using feature detection and dense matching. The processing 

workflow of Photoscan has an initial stage of camera alignments, then it creates a dense point cloud 

which is used to create a DEM. This DEM is hereafter used to create the Orthomosaic. The 

underlying algorithm is described in Figure 20 and is briefly described. 

The processing workflow of Photoscan is divided in three steps, creation of a sparse point cloud, 

estimation of a dense point cloud and development of the final orthomosaic. Photoscan finds 

matching points in the images that are stable under different viewpoints and lighting variations, 

subsequently if generates a descriptor for each point based on its local neighbourhood. These 

descriptors are later used to detect correspondences across the images. Subsequently, the software 

identifies the calibration parameters of the camera such as principal pixel and lens distortion, then 

it solves the intrinsic and extrinsic orientations of the cameras. In this phase the algorithm can make 

use of the log information attached to each picture to enhance information if available or on Ground 

Control Points if available. Afterwards it creating a sparse point cloud. This is the last step of the 

alignment. The sparse point cloud will be used to create the Dense Point Cloud, a procedure that 

can be performed through several processing algorithms that are either based on a pair-wise depth 

maps approaches or through a multi-view approach.  From this dense point cloud photoscan 

computes a DEM which will later be used to “wrap” the images on top. Pixel values will be averaged 

in image intersections. An ortho corrected mosaic is the resulting image. 

 

Figure 20 Description of working pipeline of Photoscan, extracted from (Dmitry Semyonov 2011) 
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5.2.2 Radiometric processing. 

Views of Earth’s surface acquired from satellites, aircrafts and UAV’s are degraded by several factors 

such as the presence of the atmosphere, the spectral variability of the surface materials of the scene 

or the viewing angle. Common atmospheric degradations include attenuation of reflected light and 

loss of contrast due to sunlight scattering by atmospheric aerosols and molecules (Bernstein 2012). 

These degradations are based on the first principle physics model of transmission and will affect 

the imagery to a greater or lesser extent depending on the distance between the feature and the 

sensor.  Spectral variability degradation includes the directional reflectance effect consequence of 

the topography of the surface, and the viewing angle relates the sun position with the sensor 

location. Remote sensing applications typically carry out a radiometric correction in order to obtain 

the inherent reflectance of surface materials. Many models have been developed in recent years. 

Some  rely on first principles radiative-transfer calculations, for example the Moderate Resolution 

Atmospheric Transmission model (MODTRAN), which models atmospheric propagation of the 

electromagnetic spectrum in the 0.2 to 100 µm (Michael K. Griffin and Hsiao-hua K. Burke, Berk 

et al. 1998) or the Bidirectional reflection Distribution Function (BRDF), applied in Saari et al. 2011, 

Honkavaara et al. 2012a. 

In this study two approaches are revised, the Quick Atmospheric Correction (QUAC)  (Bernstein 

2012) and the Empirical Line Method (ELM).A brief description is henceforth given. 

Quick Atmospheric Correction 

This correction algorithm stands out as a fast performing approach due its in-scene approach to 

correct imagery which does not require from reflectance plates. It performs atmospheric corrections 

on multi- and hyperspectral data, spanning all or part of the VNIR spectral range. It makes use of 

in-scene approaches, requiring only approximate specifications of sensor band locations and their 

radiometric calibration. Because it makes no use of first principle radiative transfer calculations it 

performs faster than common used physic based approaches, however the result is also more 

approximate. Comparisons to the most used Fast Line-Of-Sight Atmospheric Analysis (FLAASH) 

have shown high accuracies of above >15%  (Bernstein 2012). QUAC performs a fast and fairly 

accurate atmospheric correction when the following conditions are present: (1) There are at least 

10 diverse materials in scene and (2) there are sufficiently dark pixels in this scene to allow for a  
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good baseline estimation of the spectrum. This conditions are present in the retrieved hyperspectral 

data. QUAC’s processing chain is summarized in Figure 21. Some of this steps will now be 

highlighted.  

QUAC is implemented in ENVI, therefore the processing chain is done through the ENVI UI. 

Once the image is open in the general pane,  QUAC can be applied quite easily. The Offset 

calculation process ensures that a valid baseline is determined by (1) removing border pixels, (2) 

averaging adjacent pixels in a line, (3) rejecting 0 and negative values, (4) applying a median filtering 

of adjacent pixels to remove spike artefacts. It also determines the highest value in each band which 

will later be used to convert the data in approximate reflectance values. Prior to the endmember 

selection the data is converted to 0-1 values in a reflectance scale by dividing the before mentioned 

maximum value and an approximate solar black body curve normalized to unity at its peak value. A 

spectral filtering is applied in order to remove undesired features and biases affecting the Gain 

curve. Final scene endmembers are selected and compared to a library of endmembers.  

Empirical Line Method 

The Empirical Line Method is an atmospheric correction technique that provides an alternative to 

radiative transfer models. It is an effective way of correcting multispectral and hyperspectral data 

from DN’s or radiance to reflectance factors.  The method assumes that there is a linear relationship 

between image Digital Numbers (DN’s) and ground measured reflectance’s for surfaces with a 

range of contrasting albedos. This linear relationship is then used to calculate gains/offsets that 

HSI or MSI Data 
Cube Input

Parameter 
Initialization

Offset Solar Black Body
Approx. 

Reflectance 
Transformation

Spectral Filtering
Chunk 

Endmembers
Final 

Endmembers
Library 

Endmembers
Final Gain and 

Offset

Reflectance Cube 
Output

Figure 21 QUAC processing chain extracted from (Bernstein 2012) 
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convert DN’s to reflectance values. While this approach is reliable, it assumes uniformity in the 

effects of the atmosphere across the image. It also requires prior knowledge of the spectral 

characteristics of each target and their location in the field.  

 

 

5.2.3 Image Analysis 

 

Data mining methods shall be used in order to extract meaningful information from the spectral 

data. Usually the high dimensionality of HSI standard parametric classifiers are typically 

compromised when applied to HSI (Camps-Valls et al. 2013), therefore other target class-based 

methods have to be utilized. Feature selection methods based on Vegetation Indices will be 

scrutinized and evaluated. Ratio based and band algebra based methods will be used.  

 

 

 

Figure 22 Empirical Line Method, where G is the gradient between the two known reflectance plates (Lmin and 
Lmax), O is the offset of atmospheric radianc, DN are the different digital numbers/band present in a pixel. 
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6 Implementation 

6.1 Software  

The main software packages used during the implementation are described here. Photoscan, Pix4D, 

ArcGIS and ENVI. All of these packages are proprietary software solutions. The initial steps of the 

designed workflow of this study require from the extraction of 3-dimensional information of the 

pictures in order to create an orthomosaic. For this purpose, two well-known software packages 

were used, Photoscan ver. 1.2 and Pix4D ver. 2.2. Photoscan is produced by the Russian-based 

company Agisoft LLC. founded in 2006. Pix4D  is a company founded in 2011 by the Swiss Federal 

Institute of Technology Lausanne. Both of them are stand-alone software packages that generate 

2.5 D spatial data out of digital images by making use of their own state-of-the-art photogrammetric 

approach. Both of their methods use a combination of Multi-View Stereo and Structure From 

Motion algorithms implemented in a semi-automatic working pipeline. Specifics on their algorithms 

are not publicly available. 

ArcGIS is a GIS software Suite provided by ESRI Environmental Systems Research Institute, 

Redlands, CA, a company founded in 1969 in California. It provides with geospatial processing 

programs used to process, analyse and explore imagery. For this research ArcGIS was used to 

enhance the derived orthomosaicks by georeferencing them. Projection issues and geographical 

transformations were handled and layout maps were edited. 

ENVI is a software package founded by EXELIS Visual Information Solutions in 1977. It is a 

geospatial image analysis software commonly used by remote sensing experts to process spectral 

information.  ENVI was used to radiometrically correct the geometrically corrected images. ENVI 

was also used to perform data mining procedures such as feature selection/extraction. 

  

Software Version Description 

Photoscan Ver. build 1.2.4 2399 (64bit) Photogrammetric processing of digital images. 

ArcGIS Ver. 10.3.1 GIS software 

ENVI Ver. 5.3 Analysis, visualization and processing of 
images. 
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6.2 Data acquisition 

6.2.1 Planning 

Passive imagery retrieved by the hyperspectral sensor is significantly influenced by the stability of 

the platform and the atmospheric and illumination conditions during the flight campaign. Hence, 

appropriate operational conditions have to present in order to acquire valuable images. The flight 

parameters of the platform were set up with the Virtual Cockpit software included in the Ground 

Station. The flight mode of the Bramor rTK is totally autonomous including take-off, navigation 

and landing thanks to its Procerus Technologies Kestrel Auto Pilot System. Once the study area 

has been defined in the virtual cockpit, the software creates waypoints above the defined study area 

taking in consideration the wind conditions, the area and the chosen AGL. For the missions 

examined in this study the fly altitude (AGL) of the platform was 100 meters, offering a 

photographic footprint of 61.72 meters and a pixel size of 6cm. Figure 15 depicts the operations 

required to calculate the photographic footprint of FPI hyperspectral camera considering the focal 

length, the AGL and the orientation. The platform parameters and the operational conditions have 

direct implications on the sensor performance. To achieve high geometric accuracies in the 

photogrammetric stage, an overlap of 80% between pictures is recommended by Agisoft LLC. In 

order to obtain a high number of tie points between images, hence this overlap will be hardly 

reached. The Bramor rTK flies at a stall speed of 13m·s-1. Due the fixed wing architecture of this 

platform this speed will remain constant. This has consequences on the individual band 

displacement in the extracted raw hyperspectral cubes.   



 

49 
 

The setup of the FPI Rikola camera relates to the number of bands to be acquired, their wavelengths 

and the required integration time5 to obtain adequate hyperspectral cubes. The time needed to 

record all the bands of a whole spectral cube will be directly correlated to the displacement of each 

                                                 

 

5 The integration time defines the time of exposure of each band, similarly to the exposure time on 

a regular camera. 

 

Figure 23 Photographic Footprint of the Rikola Camera. The image K00098,DAT_17032016 is a multiband tiff image extracted 
from the raw data of hyperspectral mission performed in Feistritz the 17th March. Size of frame is confirmed. Pixel size is 
approximately 6.5 cm. 
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band due the imaging principle of the FPI mechanism. Moreover, exposing and transferring a single 

band to the memory card takes approximately 0.075 s (Honkavaara et al. 2016), which is the time 

difference between two temporally adjacent bands. As an example let’s consider the following setup. 

Recording a data cube with 15 air gaps takes a total of 1.125 s, the resulting spatial displacement 

between the first and the last band of the cube will be of 14.62 m. With a photographic footprint 

of 61.72 m covering an area of 3809.35 m2, an overlap of 80% is translated into an overlapping area 

of 2343.98 m2. This means that at a flying altitude of 100m AGL and a speed of 13m·s-1 a full 

hyperspectral cube has to be acquired during a 12.34 m flying distance, in an interval of 0.94 seconds. 

Increasing the altitude of the platform to 150 meters would increase the photographic footprint to 

92.58 m.  

Table 3 lists the bands that were acquired during this two test flights. The selection of these will be 

correlated to their ability to best model biophysical and biochemical properties, distinctly separate 

and identify individual species, and accurately estimate specie dominance. Table 1 shows a selection 

of wavelengths used in this project and their uses. 

Study Area: Feistritz, Flight date: 11/04/2016 

VNIR L0 (nm) : 456.60, 491.90, 526.70, 561.80, 596.90, 632.10, 667.00, 702.50, 736.90, 771.70 

VNIR FWHM (nm) : 13.4, 15.9, 14.9, 15.2, 14, 13.7, 13.5, 13.3, 13.5, 13.3 

Study Area: Obergottesfeld, Flight date: 17/05/2016 

VNIR L0 (nm) : 457.02, 549.10, 670.00, 749.84, 796.34 
 

Table 4 Spectral settings for the FPI Rikola Camera. L0: Central Wavelength, FWHM: Full Width at Half Maximum. The sensor was 
set up with the following bands in order to emphasize the vegetation and bathymetry. 

 

Ground truth allocation is necessary to provide geometric and radiometric calibrations. The number 

of Ground Control Points will directly influence in the geometric accuracy of the resulting 

orthomosaic. By enhancing the information of the dataset, the Structure from Motion algorithm 

(SfM) can identify the location and the external and internal orientation of the camera with a 

centimetre level accuracy.  

 

6.2.2 Flight missions 

Variable weather conditions delayed the flight missions to the 11th of April for Feistritz and to the 

17th of May for Obergottesfeld. The first flight mission of interest covers the area of Feistritz, river 
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Gail. With a setup of 10 bands, 228 images were obtained covering an area of 25.6 ha. The second 

flight mission covers flew over the area of Obergottesfeld, Upper Drau River and was performed 

the 17th of May 2016. With only 5 bands, 526 small frame multiband images were obtained 

surveying an area of 25.9 ha. For both missions the camera trigger was automatic. The differential 

GPS module presented interference problems with the Rikola hyperspectral sensor.  As the RTK 

system was inactive, centimetre-level relative positioning information was not obtained, and only 

trigger based GPS information is available. Figure 24 illustrates an example of the extracted raw 

imagery for the first flight mission. 

 

Figure 24 The left image shows the result of extracting single bands of a single hyperspectral image -K00071.tif- from the study area 
of Feistritz. The retrieved images came originally as multiband tiffs, for which a script was written in order to extract individual 
bands. Each small frame image has a pixel depth of 32 Bit and a floating pixel type. The size of a single band frame image is 3.95MB.  
The right image shows the raw multiband image derived from the camera prior to extraction. It has been masked on a RGB schema 
with the red, green and blue showing band 7 (667nm), band 4 (561.80nm)) and band 1 (456.60nm) respectively. To be noticed is the 
displacement among bands due the imaging principle of the camera and the speed of the platform.  
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6.3 Geometric correction 

Both datasets were processed with the photogrammetric workflow of Agisoft Photoscan. Images 

from both datasets were grouped by bands and clustered in Chunks. Photoscan allows to fine 

tune its process by allowing the user to choose from different set ups, allowing the user to 

determine the level of error thresholding, including a filtering method and manual noise removal. 

Single bands were processed individually and different set ups were tested to obtain best results. 

Technical problems concerning interferences between the system location components (rTK 

module) and the camera had implications on the final output of the images. Moreover, the 

absence of Ground Control Points made the geometric accuracy of the output of Photoscan 

totally reliable on its underlying algorithm. PhotoScan needs to perform the following processes 

previous to the Orthomosaic creation, namely (1) Alignment, (2) Dense Point Creation, (3) DEM 

Creation and finally Orthomosaic construction. The alignment parameters were set to High 

Accuracy, key point limit to 1000000 and the Tie Point Limit to 0. The matching time for an 

individual band would take approximately 4 hours depending on the number of matching points. 

Manual filtering was applied to each of the individual bands to enhance the results of the 

subsequent dense point process.  

Figure 25 shows the resulting tie point and a different perspective the mismatch in the z values. For 

the dense point creation, the quality was set to Ultra High, with a mild filtering mode. The DEM 

was subsequently created in the Geographic coordinate System GCS WGS 84. 

 

 

 

Figure 25 The left image shows the processed tie points of band5 (796.34nm) of Obergottesfeld, the second study area. 217.703 tie 
points were found. The process was repeated several times to ensure best results. A manual screening of outliers was performed to 
all the bands. The centre image shows the points to be filtered out (4.769 points). Further processing steps were performed to obtain 
a dense point cloud. Parameter were set up to Ultra high accuracy, mild filtering mode. The right image shows the resulting dense 
point cloud with 22.178.235 points.  
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Once the dense point cloud is solved, a digital elevation model needs to be processed in order to 

solve each band’s orthomosaic. Photoscan creates digital elevation models out of dense point 

clouds. Disparities in these values are shown in the following images. The image resolution of the 

hyperspectral images did not allow for identification of all of the GCP’s due their size, making them 

not useful as ground truth data. Process results are described in Table 5. 

FEITRITZ 

BAND Alignment Tie Points Dense Cloud Resolution (cm/px) 

1 449/449 483,097 37,952,581 6.35 

2 447/449 562,351 40,677,791 6.36 

3 449/449 550,373 40,296,559 6.36 

4 447/449 489,913 36,881,218 6.35 

5 449/449 831,350 50,186,688 6.34 

6 449/449 841,902 50,136,238 6.34 

7 449/449 752,309 48,769,344 6.33 

8 449/449 727,479 50,316,882 6.32 

9 449/449 862,870 52,441,801 6.33 

10 447/449 878,691 52,457,438 6.33 

OBERGOTTESFELD 

 

BAND Alignment Tie Points Dense Cloud Resolution (cm/px) 

1 518/527 165,903 9,684,833 6.28 

2 523/527 235,458 20,361,652 6.1 

3 523/527 320,080 28,844,805 6.17 

4 524/527 67,327 28,047,753 6.01 

5 523/527 271,103 22,294,509 6 

Table 5 Results obtained for both study areas. The number of aligned pictures is relatively high except for band 1 of Obergottesfeld. 
The obtained points are not distributed homogenously hence, georeferencing band 1 of the study area of Obergottesfeld was 
challenging. The average time needed to perform each alignment was approximately of 8 hours for Feistritz (449 images) and 4 hours 
for Obergottesfeld (527images) 

  

Band 4 Feistritz Band 10 Feistritz 

Figure 26 Differences between band 4 and band 10, the ones with less and more tie points respectively is represented here. 
This choropleth map shows the number of overlapping pictures. Subtle differences are visible in the boundaries of the study 
area but also inside. 
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 In order to enhance the results of the orthomosaic creation and to reduce georeferencing time, a 

second approach was used for the dataset of Obergottesfeld. The DEM of the best results giving 

band in terms of homogeneus dispersion of points, was interchanged in all the other chunks. The 

best performing band was band 3. Therefore this one was placed in all the other bands/chunks of 

the same area. Good results were expected, specially in band 1 as this one showed higher wrapping 

displacement and a lower number of tie points. Results were not positive, and the final selection of 

orthomosaics ready for georeferencing was a combination of different set ups. Figure 27 shows de 

resulting DEM’s for Feistritz. Small discrepancies can be see in the DEM, specially visible in on the 

flood plain where different reflections/absorptions are intrinsic of each wavelength and the water 

turbidity. Each band of both datasets was processed and was afterwords manually georeferenced. 

absence of ground truth was solved using RGB orthomosaicks that were adequately georeferenced, 

and therefore used as relative ground truth.  

  

Figure 27 Resulting DEM's for each band of the Feistritz mission. Hollow areas represent zones where not enough 
matching points were identified. A hillshade mask has been applied to highlight discrepancies among bands. The extent of 
each DEM varies in each band. 
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Figure 28 Resulting DEM's for the study area of Obergottesfeld. The colour composition highlights the estimated 
orographic features. Each band responded differently due the reflectance principle of different features. 

Band 1 Obergottesfeld Band 5 Obergottesfeld 

Figure 29 Figure 21 Differences between band 1 and band 5, the ones with less and more tie points respectively is 
represented here. This choropleth map shows the number of overlapping pictures. Subtle differences are visible in the 
boundaries of the study area of Obergottesfeld. 
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Figure 30 Reference RGB orthomosaics. For the study area of Feistritz I used an RGB orthophoto acquired the 17th of May 2016. 
For Obergottesdeld a RGB ortho was available from the same day the HSI was taken.  

In order to enhance the georeference process the same points were used for both datasets by 

creating a shapefile containing visible points relative GCP’s in both the RGB image as in the HSI. 

Third order polynomial transformations were used for all the bands. Once each band was 

georeferenced the bands were co-registered with ArcGIS. A masking approach was used with ENVI 

so as to delete zero pixels in all the bands. 

6.4 Radiometric Correction 

Once the individual bands were stacked/co-registered creating a hyperspectral cube. A radiometric 

correction was applied. The transformation of the initial radiance values mW ([m2 ·str·nm])] to real 

reflectance values was done through reference reflectance panes -if available- that were previously 

distributed in the study area, as shown by (Näsi et al. 2015).  But the allocation of reflectance plates 

was only done in the second hyperspectral flight mission (Obbergottesfeld). Therefore, an 

alternative was investigated for Feistritz, named QUAC. 

6.4.1 Feistritz 

 were visually not distinctive, but were reflected in the feature selection methods. The main 

processes of QUAC include an offset calculation where it applies a median filtering to all the pixels, 

removing spike objects or glares that surpass 2.25 times the median value (Bernstein 2012) and 

identifying the maximum value R(l0)max in each band to rescale all the values from 0-1,  this provides 

an estimate reflectance value. The second key process is the endmember identification, where it 
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applies a gain to each identified class pixel. Even though this results are barely visible on the naked 

eye they are illustrated in Figure 31.  

 

 

 

6.4.2 Obergottesfeld 

The second study area, Obergottesfeld was subject to two radiometric correction approaches, the 

Empirical Line Method and the QUAC algorithm.  The empirical line approach is based in the 

interpolation of all the image pixels to two or more reflectance plates with known reflectance. In 

our case 3 reflectance plates were allocated with the following reflectance values: Black 2%, Grey  

23% and White 44%. Therefore, 3 reflectance values had to be created to implement in the Envi 

Empirical Lince Compute Factors and Correct. This was done as a ASCII text file were the 

Figure 31 From left to right. The first image (a) shows the intensity values of uncorrected imagery in green, and corrected 
imagery in red on a pixel vector located above a water body. An induced gain can be observed in the first bands, in the range 
of 450-600nm. The second and third image show the value correlations between two bands in the uncorrected image(b) and in 
the QUAC corrected image(c). The selected bands are band 9 (702.5nm) on the Y axis and band 3 (526.7nm) on the X axis. A 
stronger degree of correlation can be seen in the corrected image(c) as more pixels are clustered around certain values.  This 
could suggest an estimation and selection of an endmember by QUAC and its correspondent highlighting. Image 4 and 5 show 
the results of a RENDVI applied to both datasets, corrected(d) and uncorrected(e) respectively. A clear removal of spikes on 
the water body is visible. The last image (f) shows the offset in both masked datasets, making use of band 6 for red, band 4 for 
green and band 1 for blue. An intensity variation is plausible in the lower image.   

ohoj 

a b c 

d e 
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reflectance were described and saved as text files. This files were requested by the ELM correction 

workflow and paired with the image reflectance plates. The process is upfront and does alter the 

full band raster pixels of each band in the same way. Figure 32 depicts the results. 

 

 

 

 

 

 

  

a) b) c) 

d) e) 
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7 Results  

I studied the use of a recently developed UAV imaging system for monitoring riverine ecosystems 

within the RPAmSS project. The study areas are located in Carinthia, Austria, and were restored 

through LIFE projects in the past decade. The imaging system is composed by a FPI-hyperspectral 

camera mounted on a fixed wing UAV. 

A thoughtful literature review was done so as to introduce hyperspectral remote sensing, the 

advances in their underlying sensor technology and novel implementations of hyperspectral imagers 

into small UAV’s. Operational capabilities concerning the Rikola FPI Hyperspectral camera, its 

spatial resolution and spectral range and the implications the platform has in the acquisition of 

images is described. A processing line based on Honkavaara et al. 2013b was implemented and 

evaluated with data from the two study areas. Raw hyperspectral data -small frame multiband 

images- were transformed into hyperspectral reflectance signature mosaics. Different parameters 

were fine-tuned in order to enhance the quality of the results in terms of geometric accuracy. Two 

different radiometric correction approaches were applied, QUAC, a scene based approach, and the 

Empirical Line Method, based on reflectance plates. Results of this correction are evaluated. Several 

Vegetation Indices were calculated as feature selection/extraction processes. Results are presented. 

Visually, the resulting images of the processing line appeared to be good.  
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Figure 33 Hyperspectral orthomosaick of the first study area, Feistritz. The cube is masked in a RGB schema showing band 7(667.00 
nm), band 4(561.80 nm) and band 2 (491.90nm). Zero byte pixels have been masked out and are visible as white holes.  
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Figure 34 Intensity images of each individual band corresponding to the area of Feistritz. 
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Figure 35 Hyperspectral cube of the area of Obergottesfeld, and below intensity images corresponding to each band. 
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7.1 Vegetation Indices  

Several feature selection/extraction methods were used in each of the datasets to prove the 

practicability of the monitoring system to extract valuable information. The number of acquired 

bands limited the number of features to be extracted. Used methods rely on band ratios and band 

algebra operations that result in intensity maps whose values are related to the target component or 

target characteristic. Correlations between the resulting bands and the targets have been proved in 

several studies.(Haboudane 2004a, 2004b, Seager et al. 2005, Thenkabail et al. 2012). What is 

common in all of those methods is that the relations are based on ground data. Biophysical measures 

acquired on the ground such as biomass (kg/m3), Nitrogen amounts (kg/m3), land yield (kg/ha), 

etc. which afterwards are correlated to its corresponding value. Ground truth data has hence to be 

retrieved a priori in order to estimate correlations. Several VI’s have been calculated and results are 

shown hereby.  

7.1.1 Feistritz  

The first features that were extracted were greenness indicators, features that are sensitive to the 

amounts of chlorophyll in foliage, canopy leaf area and canopy architecture (Thenkabail et al. 2012). 

The Red Edge Normalized Vegetation Index as a narrowband specific method which is similar to 

NDVI but only makes use of two narrow wavelengths located in the Red spectrum as this shows 

higher sensitivities in small canopy changes. NDVI and EVI were also calculated to relate 

observations by making used of band 7 for the Red and band 10 for NIR. Fehler! Verweisquelle 

konnte nicht gefunden werden. shows the achieved results. 

The second extracted feature was the Plant Senescence Reflectance Index (PSRI). This index takes 

advantage of measurements in the shortwave infrared range. In this range reflectance response are 

known for cellulose and lignin. Results are displayed with a stretched grey background. High values 

indicate a high amount of bulk carotenoids such as alpha-carotene and beta carotene in relation to 

chlorophyll. High values in PSRI indicate increased canopy stress. This index can be used to 

estimate vegetation health. Water and bare soil has been masked out as seen in Figure 37. 
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Figure 36 Above left, RENDVI. Water and roads are filtered out by the method. A plausible difference in intensities can be seen in 
the agricultural land. In the RENDVI it is possible to discern between vegetated areas and not vegetated areas, such as bare soil 
between canopy cover in the forested area. This is also visible in the small creek as algae can be identified On the upper right corner, 
the masked hyperspectral cube. Below the NDVI and EVI. The enhancements implemented in EVI as a modified version of the 
common NDVI show a higher sensitivity to discern between canopy area densities in highly dense vegetation surfaces such as the 
forest. 

Figure 37 PSRI applied to Feistritz. To be noticed the slow increase in Carotenoids in the agricultural area on the lower right area. 
Also the higher values shown in the upper part of the image. Seasonal changes in reflectance could be the direct cause of this 
variances, hence further in-situ exploration of this study area should be done prior to flight missions in order to suggest relations. 
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The third and last feature extracted for Feistritz was the PRI or Photochemical Reflectance Index. 

This index estimates the efficiency of vegetation to acquire light for photosynthesis through its 

estimates of Carotenoids. The amount of Carotenoids can relate to the rate of carbon dioxide uptake 

by foliage per unit of absorbed energy (Gamon et al. 1997) but it also provides information regarding 

productivity and stress. 

 

  

Figure 38 Feistritz PRI 
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7.1.2 Obergottesfeld 

Four features were extracted from the second study area, the Normalized Difference Vegetation 

Index, one leaf pigment index, the Anthocyanin Reflectance Index (ARI2) and two greenness 

indicators, the Modified Chlorophyll Reflectance Index (MCARI2) and the Modified Triangular 

Vegetation Indices (MTVI2). All of them are focused on greenness estimations therefore a visual 

inspection and comparison can thus be made. The NDVI is usually used with a scene based scale 

factor. Values are generally clustered in classes where vegetation usually fits above 0.2. Negative 

values have been masked out, and can be seen here as water, sand, groins and bare soil. 

The Anthocyanin Reflectance Index 2 is an improved version of ARI1 and is more sensitive to 

Anthocyanins. These pigments are abundant in newly forming leaves and those undergoing 

senescence. Several areas are highlighted in the forested area and in between the river boundary.  

 

 

  

Figure 39 NDVI for the area of Obergottesfeld. A masked band has been placed underneath to highlight the 
intensity values. 
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The Modified Triangular Vegetation Index and the Modified Chlorophyll Absorption Ratio Index 

do both scope on the level of greenness of vegetation. MTVI makes use of two narrow 

bands(800nm and 550nm) in order to estimate leaf and canopy structures. MCARI, on the other 

hand is another of the several CARI indices that measure the relative abundance of Chlorophyll. 

Both of these intensity maps should strongly be corelated due the  

  

Figure 40 Anthocyanin Reflectance Index 2, a common stress indicator used in Precission Agriculture. 
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Figure 42 Modified Triangular Vegetation Index 

Figure 41 Modified Cholorophyll Absroption Index 
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8 Conclusions, discussion and future outlook 

Developing a quantitative workflow for UAV acquired hyperspectral imagery is becoming of great 

importance. UAV based hyperspectral imagery has been gaining interest in recent years by diverse 

fields of earth sciences. In this study a processing workflow based on Honkavaara et al. 2013b was 

implemented with two real datasets. Adjustments in this workflow were presented and the out 

coming results were evaluated.  

Major adjustments in this workflow had to be done in order to diminish the effects of the fast 

moving platform. This was challenging considering the absence of ground control points nor 

differentially corrected GPS log information. This supposed the bottleneck towards geometric 

accuracy. But these issues were solved by using a RGB orthomosaic. Radiometric corrections were 

applied in order to enhance the radiometric quality of the images. Two approaches were used, the  

Quic Atmospheric Correction and the Empirical Line Method. These two methods were 

successfully implemented and compared. Feature extraction and selection was done. The number 

of features to be extracted was constrained by the available bands. Five features were extracted for 

Feistritz and four vegetation indices were extracted for Obergottesfeld. Results were visually 

compared and commented.  

In regards to the research questions formulated at the beginning of this work, questions were 

moderately answered. The usability of the UAS based hyperspectral sensor has been partly 

demonstrated in this research. While results appeared to be well correlated among them, field 

measurements have to be taken in order to approve them. Hence, these vegetation indices were a 

proof of concept example that can lead towards ecosystem health monitoring.  

Environmental pressures on terrestrial vegetation induces physiological stress, responses that result 

in change in ecosystem processes. This stress can be targeted in the form of a decrease Light Use 

Efficiency (LUE). The Photochemical Reflectance Index, PRI that was calculated for Feistritz is a 

LUE indicator, also called spectral bio-indicator. 

Supervised algorithms were performed but results not commented due the lack of ground truth 

shapefiles that could be used as known classes. 

In regards to the second research question that asked about the type of data that can be extracted 

from HSI imagery, the answer is varied and has been commented in the literature review. Some 

examples would be in the field of river bathymetry, river bathymetry through a ratio based approach, 
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in terms of precision agriculture yield estimates and yield forecasts. The third and last question 

referred to the main concerns in terms of quantitative data acquisition. Special attention has to be 

given to the flight mission preparation and GCP allocation in order to evaluate the results. This is 

probably the most important concern in order to maximize the potential of the photogrammetric 

algorithms.  

Concerning future directions of research, immediate emphasis has to be given to the development 

of an established semiautomatic workflow to assess hyperspectral data. In order to enhance the 

understanding of river dynamics investigation has to be undertaken in the course of feature 

extraction and analysis, classification algorithms and hyperspectral dense point clouds.  
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