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1. Introduction 

Remote sensing has become an important tool for observing the Earth. By meas-
uring the emitted or scattered electromagnetic radiation, remote sensing ena-
bles the detection and monitoring of various objects and processes in the atmos-
phere, on the Earth surface, and even below the ground level. Remote sensing 
instruments can be roughly categorized according to their platform, the used 
electromagnetic spectrum, and the sensor properties. Active sensors send 
pulses and measure the returned radiation, whereas passive sensors only meas-
ure the incoming radiation while relying on external energy sources such as the 
sun, the target itself, or man-made transmitters. Sensors with coherent nature 
control, or take into consideration, the phase of the radiation, whereas uncoher-
ent sensors consider only the total energy of the radiation. Some sensors also 
control the polarimetric properties of the electromagnetic waves, by sending or 
receiving radiation only in a certain polarization. The sensor type also deter-
mines the size of one sample over the target, usually referred to as spatial reso-
lution. The most typical platforms used for remote sensing are spaceborne (sat-
ellites) and airborne (airplanes, drones, helicopters). Ground based platforms 
are also used for small scale remote sensing or for reference measurements in-
tended for calibration and validation of spaceborne or airborne measurements. 

Earth observation instruments typically operate in the visible and infra-red 
spectrum range, many times referred to as optical instruments, or in the micro-
wave spectrum of the electromagnetic waves. The visible, infra-red and micro-
wave spectrum of the electromagnetic waves are useful in remote sensing of the 
Earth surface, because the atmosphere is almost completely transparent in 
these wavelengths, causing minimal interference to the signal. As a general rule, 
the electromagnetic signal reacts only to targets larger than the signal’s wave-
length. The electromagnetic radiation in specific wavelengths can, however, be 
absorbed by small particles such as water, carbon dioxide and ozone molecules, 
due to electromagnetic interaction between the signal and the specific mole-
cules. The following paragraphs explain the basic principles of the optical and 
microwave remote sensing. 

Optical sensors are typically passive and incoherent, and measure the reflec-
tance of the target at several different channels (wavelengths), thus offering 
multi-layer information about the physical properties of the target. For instance, 
the reflectance of snow is high in all visual channels, but low in the infra-red 
channels of approximately 1.5 and 2.0 μm. As a comparison, clouds have a high 
reflectance both in the visual and in the infra-red channels. Hence, for a human 
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eye, snow and clouds look very similar, but due to their different reflectance in 
the infra-red spectrum, the separation of snow and clouds using optical remote 
sensing is relatively easy (Lillesand, et al., 2008). Optical instruments are de-
pendent on sunlight as the external energy source, and moreover, they cannot 
penetrate clouds. These two restrictions are meaningful in northern environ-
ments, due to dark winters and frequent cloud cover in all seasons.  

Spaceborne microwave remote sensing instruments typically operate on the 
microwave frequency spectrum of L- to Ka-bands, namely 1-40 GHz, corre-
sponding to wavelengths of 0.75-30.0 cm. The main advantage of microwave 
instruments compared to optical ones, is the ability to gather information from 
Earth’s surface during day and night, and in all weather conditions. Passive mi-
crowave instruments, also called radiometers, measure the microwave radiation 
emitted by the Earth system. The measured radiation is expressed as brightness 
temperature (TB), which is the equivalent blackbody temperature of the ob-
served object. In practical passive microwave Earth observation, the TB is 
mainly dependent on the permittivity of the target materials. For natural tar-
gets, one of the main factors controlling the permittivity is water content, and 
therefore, passive microwave remote sensing is often used for soil moisture and 
soil frost/thaw (F/T) state retrievals (Ulaby, et al., 1986; Njoku & Entekhabi, 
1996; Schwank, et al., 2004; Rautiainen, et al., 2012). Passive microwave instru-
ments typically provide data with high temporal resolution and large swath 
widths, but due to the relatively low energy level emitted per unit surface area, 
the radiation must be collected over a large region. As a result, the spatial reso-
lution of passive microwave data is relatively coarse (Ulaby, et al., 1981; 
Lillesand, et al., 2008). The importance of active microwave remote sensing has 
increased in recent decades, especially the use of Synthetic Aperture Radar 
(SAR) sensors. The main advantages of SAR instruments compared to others, is 
the combination of high spatial resolution with the option to see Earth’s surface 
during day and night, and in all weather conditions. These properties are very 
useful in boreal environments due to frequent cloud cover and dark winters. A 
more detailed review on SAR remote sensing is given in chapter 2.1. 

In the northern latitudes, important environmental factors such as snow, veg-
etation, soil and water processes can be efficiently detected and monitored from 
space. The extent, condition and properties of these and other factors are ob-
served using the above-mentioned satellite sensors. A large portion of the boreal 
regions is covered by forests. For an accurate estimation of surface properties in 
the boreal environments, it is therefore essential to take into consideration the 
effect of forest canopies on the remote sensing signal.  

The main goal of this thesis was to increase the understanding on how vegeta-
tion, and particularly forest canopy, influence the remote sensing observations 
in boreal environments. The focus was mainly on SAR instruments, but also 
passive microwave and optical sensors were investigated. The capability of a rel-
atively simple radiative transfer model in simulating the effect of vegetation on 
the remote sensing signal was quantified by a spatial analysis of optical, SAR, 
and passive-microwave remote sensing data. A simple model that requires rel-
atively little ancillary data was preferred, so that it would be suitable for near 
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real-time mapping applications covering wide areas. Then, the influence of veg-
etation in SAR remote sensing was further examined through two practical ap-
plications; mapping floods in various forest conditions, and detecting soil freez-
ing/thawing in boreal forests. 

Publication 1 is dedicated for testing and validating the radiative transfer 
model for the three different sensor types; optical, SAR and passive microwave. 
A comprehensive analysis of a unique dataset including airborne optical, SAR 
and passive microwave data, as well as spaceborne SAR data is performed over 
snow covered terrain against LiDAR (Light Detection And Ranging) based forest 
canopy closure and stem volume data in a test area located near Sodankylä, 
northern Finland. The goal was to customize the model to a format which will 
be suitable for near real-time mapping applications of wide areas using different 
sensor types. This study was also the first one to analyze Ku-band (17.2 GHz) 
co- and cross-polarized SAR backscatter measurements against various forest 
properties in the boreal region. 

Publication 2 focuses on the influence of vegetation on the X-band SAR 
backscattering signal in flooded forests. Observations over four test areas in Fin-
land; Kittilä, Pudasjärvi, Kolari and Evo, were collected during spring flood 
events. The objective was first to investigate and simulate the backscattering 
mechanisms that occur in flooded areas in various forest conditions, and then, 
to identify which canopy closure and tree height zones are problematic in the 
detection of floods if using solely backscatter intensity threshold values for the 
separation of floods from dry areas. This knowledge is important for the devel-
opment of a semi-automatic process enabling fast and accurate mapping of 
floods in both open and forested areas. The initial hypothesis was that for cer-
tain areas with sparse canopy closure and low tree height, flood detection using 
solely SAR backscatter information will be problematic. This study was the first 
one to define the canopy closure and tree height zones where forest flood detec-
tion in the boreal region is problematic. 

In publication 3, the C-band SAR backscattering signals of thawed and frozen 
areas were analyzed with respect to different forest properties, land cover types 
and weather conditions, in a test area located near Sodankylä, northern Finland. 
Then, a new approach for the estimation of the F/T state of soil in a boreal forest 
dominated area was demonstrated. In the proposed method, VV-polarized 
backscatter was applied in the model optimization, retrieving the forest canopy 
and ground backscatter contributions. These were then used for identifying the 
F/T state of soil, by means of a linear classification technique. In situ measure-
ments of air temperature, soil temperature and soil permittivity were used to 
define frozen and thawed periods. Other available methods for SAR based soil 
F/T estimation do not explicitly take into consideration forest canopies, hence 
they are less reliable in forested regions. Besides the scientific novelty, this study 
provides the ground for the development of a near real-time soil F/T state esti-
mation method based on SAR data. 
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2. Literature review 

This chapter contains a literature review of the topics related to this thesis, 
which aims to provide the needed background information for a reader to un-
derstand the conducted research work. The basic principles of SAR remote sens-
ing are first explained, followed by an overview on the applications, challenges 
and solutions related to the Earth observation of boreal forest environments. 
Then, background information regarding the remote sensing of floods and soil 
freezing/thawing in boreal forest region is provided, with an emphasis on the 
use of SAR. 

2.1 SAR remote sensing 

The first Earth observation satellite carrying a SAR instrument was Seasat, 
launched to space in 1978, and managed by NASA’s Jet Propulsion Laboratory 
(JPL). The following space-borne SAR missions were JPL’s Shuttle Imaging Ra-
dar (SIR) and Soviet Union’s Cosmos experiments in the 1980’s, followed by 
Almaz-1, ERS-1 and JERS-1, launched by the Soviet Union, the European Space 
Agency (ESA) and Japan respectively, in the beginning of the 1990’s. The Cana-
dian Radarsat was sent to space in 1995, followed by e.g. ESA’s Envisat ASAR, 
Japan’s ALOS PALSAR, German TerraSAR-X (TSX) etc. in the beginning of the 
21’st century. In the last two decades, new SAR constellations have emerged, 
providing higher temporal resolution and better mission continuity, such as the 
Italian Cosmo Sky-Med and ESA’s Sentinel-1 missions. A new trend in the SAR 
remote sensing field is the launch of large constellations consisting of many 
small sized satellites, such as the ICEYE constellation. This approach has many 
benefits, such as a reduced risk of heavy losses due to a failure of a single satel-
lite, better temporal resolution enabling almost continuous monitoring of tar-
gets of interest, smoother data availability over time, better chances for smaller 
private or public companies to enter the market, leading to increased competi-
tion, better data availability and lower prices of products. 

In order to understand the basics of SAR, it is essential first to know the oper-
ational principle of radars in general. The name “radar” is an acronym for Radio 
Detection And Ranging. Radars transmit electromagnetic signals and measure 
the properties of the returning signals which have scattered back from the ob-
served objects to the radar. Information about the target is retrieved by analyz-
ing e.g. the magnitude, polarization, frequency, phase and the time delay (the 
time it takes for the signal to return to the sensor) of the backscattering signal. 
Radars can therefore provide useful information regarding the observed object, 



Literature review 

15 

such as material, shape, size, distance from radar, velocity etc. The total 
backscattering power measured by a radar sensor is described by the radar 
equation, which in a general format can be written as: 

 
 ,   (2.1) 

 
where  and  stand for the transmitted and received power (energy),  is the 
gain of the transmitting antenna,  is the distance between the radar and the 
observed object,  is the effective aperture of the receiving antenna, typically 
proportional to the size of the antenna, and , typically referred to as the radar 
cross section (RCS), represents the properties of the observed object in relation 
to the radar signal properties. 

SAR is a side looking radar that sends coherent electromagnetic pulses to-
wards the target area and measures the fraction of the incident energy that is 
scattered back towards the sensor, often expressed as the backscatter. The mag-
nitude (amplitude) as well as the phase of the returning pulses can be measured. 
Applications utilizing both amplitude and phase information are referred to as 
SAR interferometry. As depicted in Figure 1, the SAR system forms a 2-d image 
of the observed area, where the axes parallel and perpendicular to the radar 
movement direction are called azimuth and range, respectively. The SAR system 
uses a so called aperture synthesis method to form a virtual antenna, by com-
bining information of several pulses measured along the movement path 
(Elachi, 1987). A very large antenna would be required if trying to achieve the 
same spatial resolution with a physical aperture. 

 

Figure 1. SAR imaging geometry. For each pulse, the locations (resolution cells) from which the 
signals scatter back are identified in the range direction by measuring the time delay of the 
returning signal, and in the azimuth direction by the Doppler frequency shift. 

The backscattering signal representing a certain resolution cell (pixel) within 
the whole area covered by one pulse is identified in the range direction by meas-
uring the time delay of the returning signal, and in the azimuth direction by the 
Doppler frequency shift. In the range direction, backscattering signals returning 
earlier represent targets closer to the radar, while signals with longer time delay 
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represent objects further from the radar. In the azimuth direction, returning 
signals that have a higher frequency than the original transmitted frequency 
represent areas in front of the radar, while signals with lower frequency repre-
sent objects behind the radar. Several pulses covering the same resolution cell 
are then combined to calculate a value for each cell. The magnitude of the radar 
backscatter in SAR images is typically expressed using the backscatter coeffi-
cient , defined as the average ratio between the RCS of a set of objects and 
their areas: 

 
,     (2.2) 

 
where  is the RCS of one object and  is the area associated to that object. 

In SAR remote sensing, the observed backscatter is dependent on the shape of 
the target, the dielectric properties of the target material, the imaging geometry 
and the properties of the radar signal, namely frequency and polarization 
(Ulaby, et al., 1981). Considering the shape of the target, the total observed 
backscatter can be divided into three scattering mechanisms; surface, volume 
and double bouncing scattering. Surface scattering consists of pulses recorded 
at the satellite sensor after hitting the target once. Backscatter from the ground 
layer mostly consists of surface scattering (van Zyl, 1989; Zou, et al., 2015). Vol-
ume scattering is strong in targets where the radar pulse scatters randomly once 
to multiple times inside the target itself, before returning to the satellite sensor. 
For vegetation in general, and forest canopy in particular, the strongest 
backscattering mechanism is the volume scattering, especially for higher fre-
quency signals such as C- and X-band, which less penetrate the canopy layer. 
Double bounce scattering consists of pulses hitting the target twice before rec-
orded at the sensor. This usually occurs in standing objects whose surface is 
perpendicular to the ground or water surface, such as buildings or tree trunks. 
The scattering contributions are best identified by SAR polarimetry (Lee & E, 
2009; Chen, et al., 2018). 

Dielectric properties of the target material determine the penetration of the 
radar signal, thus affecting also the backscatter. In natural targets, the main fac-
tor controlling the signal penetration is water content, which increases the die-
lectric constant of the material (Ulaby, et al., 1982). In soils, for instance, the 
signal penetrates deeper into dry soil compared to wet soil, hence the backscat-
ter of wet soil is usually higher than the backscatter of dry soil. In boreal regions, 
the main backscattering components forming the total backscatter measured at 
the sensor are the surface scattering contribution from the ground layer back to 
the sensor, and the volume scattering component from forest canopies 
(Pulliainen, et al., 1994; 1996; 1999). The double bouncing backscatter contri-
bution can be sometimes notable, for instance when the forest floor is covered 
with water, causing a strong trunk-water double bouncing signal (Richards, et 
al., 1987; Hess, et al., 1990; Voormansik, et al., 2014; Martinis & Rieke, 2015). 
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2.2 Boreal forests in remote sensing applications 

Approximately one third of Earth’s land areas are covered by forests (FAO, 
2010a). Forest biomass has a crucial role in the carbon balance of the Earth, 
since it is considered a major carbon sink through the photosynthesis process 
(GTOS, 2009). On the other hand, wood, the principal raw product of forests, 
has a major impact on the global socio-economic development (FAO, 2010b; 
Hansen, et al., 2013). Due to the high importance of forests to the environment, 
industry and climate, it is essential to control, manage and maintain the forests. 
Vegetation influences the remotely observed signal from space in both optical 
and microwave regimes, and therefore, remote sensing methods provide an ef-
ficient tool for mapping and monitoring forests from a global to a local scale 
(Tomppo, et al., 2008; White, et al., 2016). Remote sensing methods enable the 
detection and mapping of various forest properties, such as the biomass, stem 
volume, canopy closure and tree height. Separation of different tree species is 
also feasible using remote sensing techniques (Persson, et al., 2018). Optical 
sensors have been traditionally used for forest mapping, but due to growing data 
availability, the popularity of SAR techniques in forest mapping and monitoring 
is increasing (Praks, et al., 2007), especially for areas with frequent cloud cover, 
such as rainforests and boreal forests. Moreover, enhanced information can be 
extracted from forests by combining optical and SAR data, due to their comple-
mentary nature (Lehmann, et al., 2015). Airborne LiDARs have also been used 
for smaller scale forest mapping, especially in applications requiring high accu-
racy (Naesset, 1997). In Finland, nationwide forest mapping and monitoring is 
conducted primarily by Natural Resources Institute Finland (LUKE). They pro-
vide up to date data regarding various forest properties. In this thesis, forest 
data from LUKE have been used, and in addition, LiDAR based forest maps 
were generated from LiDAR point cloud data collected by the National Land 
Survey (NLS) of Finland (see chapter 3.5 for more details about the forest maps 
used in this study). 

The presence of forests often poses a challenge for remote sensing based mon-
itoring of targets on the ground, under the forest canopy. For a correct estima-
tion of the observed target on the ground, it is essential to determine the quan-
titative influence of the forest cover on the remote sensing signal. The following 
paragraphs explain how forest canopy influences the total observed signal at the 
sensor for the mostly used satellite instruments; optical, SAR and passive mi-
crowave. 

For the active microwave sensors operating at L-, C- or X-bands, forest canopy 
dampens the signal reaching the ground surface and back to the sensor, while 
volume scattering within the canopy itself contributes to the total backscatter 
measured at the sensor. The forest canopy above the ground typically increases 
the total backscattering coefficient measured at the sensor, especially in frozen 
soil or wet snow conditions when the backscatter of the forest floor is relatively 
low (Ulaby, et al., 1986; Pulliainen, et al., 1994; 1999; Koskinen & Hallikainen, 
1997; Luojus, et al., 2007). The main factors controlling the penetration level of 
the microwave signal through forest canopies are the signal frequency and po-
larization, incidence angle, and the properties of the canopy. Lower frequency 
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radiation is less sensitive to the tree canopy, hence it penetrates more than 
higher frequency radiation. Co-polarized signals can better penetrate the can-
opy than cross-polarized (Evans, et al., 1986; Wu & Sader, 1987; Kuga, et al., 
1990), and HH-polarization penetrates better than VV-polarization (Wang, et 
al., 1995; Bourgeau-Chavez, et al., 2001; Townsend, 2002; Lang & Kasischke, 
2008; Pierdicca, et al., 2013) due to the vertical orientation of the tree trunks 
(Lavender & Lavender, 2017). Higher penetration can be achieved in steep inci-
dence angles, because the signal needs to travel a shorter distance through the 
canopy before and after hitting the ground surface (Lang, et al., 2008). Decidu-
ous trees are less transparent for microwave radiation during leaf-on conditions 
(Townsend, 2001; Lang, et al., 2008; Martinis & Rieke, 2015) 

Considering passive microwave remote sensing, forest canopy attenuates 
emission coming from the ground layer, while adding its own contribution to 
the total emitted microwave radiation. The measured TB of forested areas is typ-
ically higher than that of snow-covered open terrain (Kruopis, et al., 1999; 
Pampaloni, 2004; Derksen, et al., 2005; Foster, et al., 2005; Pardé, et al., 2005; 
Lemmetyinen, et al., 2009; Langlois, et al., 2011). A recent study also shows a 
dependency between air temperature and the microwave transmissivity of the 
forest canopy in sub-zero conditions (Li, et al., 2019). Due to partial penetration 
of the microwave radiation through forest canopy, the portion of the canopy 
backscatter or TB from the total observed radiation at the sensor is proportional 
to the total mass or volume of the canopy. Yet, for higher frequency instruments 
and polarization combinations more sensitive to the tree canopy, also canopy 
closure can be applied to estimate the portion of the radiation originating from 
the tree canopy, as shown in Publication 1. 

 

Figure 2. A photograph showing the influence of forest canopy on the optical reflectance in a 
typical snow-covered boreal forest environment. The relatively dark tree canopies block the 
visibility to the snow surface, thus decreasing the total observed reflectance. The photograph 
was taken on the 27th of April 2012, from a mast camera located in Tähtelä, Sodankylä, 
northern Finland. 
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In optical remote sensing, due to significantly shorter wavelengths compared to 
the microwave regime, the signal barely penetrates through the forest canopy, 
and therefore, the influence of forest canopy on the total measured reflectance 
can be considered proportional to the canopy closure, namely the fraction of 
surface area covered by forest canopy from the total surface area. For visual and 
near infra-red (NIR) wavelengths, the reflectance of snow is significantly higher 
than the reflectance of tree canopy. For snow covered terrain, shrubby vegeta-
tion and forest canopy therefore decrease the total measured reflectance at the 
sensor (Li, et al., 1995; Schlerf & Atzberger, 2006; Liu, et al., 2008; Salminen, 
et al., 2009; Niemi, et al., 2012; Cohen, et al., 2013; Heinilä, et al., 2014; 
Pulliainen, et al., 2014). In Figure 2, a natural color photograph demonstrates 
the scenery of relatively dark tree canopies above a bright snow surface. 

2.3 Simulation of remotely sensed signal from forests 

The total electromagnetic signal measured at the sensor is a sum of radiation 
components originated from different sources or scattering mechanisms. In 
case of passive microwave radiation, the material itself emits the radiation 
which is eventually measured at the sensor. The total radiation measured by the 
sensor thus consists of emission from e.g. the soil, snow and canopy. Also scat-
tering and absorption between surfaces occur. For example, radiation emitted 
by the soil is partially absorbed and scattered to different directions by the snow 
layer, and the downwelling canopy emission is scattered from the ground sur-
face towards the sensor. In the case of optical and active microwave remote 
sensing, the measured signal by the sensor consists of scattered radiation from 
various targets. In remote sensing applications, the aim is often to examine a 
certain portion of the scattered radiation, such as that of the soil, vegetation, 
snow cover or artificial objects. In Earth observation of boreal environments, 
the target of interest is typically on the ground surface or the soil itself. A major 
source of signal interference is therefore the forest canopy obscuring the ground 
surface. Hence, one of the main challenges is to decompose the total measured 
radiation to the different components, and to extract only the information about 
the specific target of interest, while ignoring or compensating the effect of other 
factors on the total measured radiation. 

Various forward models simulating the observed signal originated from natu-
ral media and allowing the separation of e.g. the forest canopy signal from the 
total observed signal have been developed for active microwave (Sun & Ranson, 
1995; Lin & Sarabandi, 1999; Liang, et al., 2005; Liu, et al., 2010), optical (Li, et 
al., 1995; Klein, et al., 1998; Vikhamar & Solberg, 2003; Salminen, et al., 2009; 
Niemi, et al., 2012) and passive microwave (Kruopis, et al., 1999; Pardé, et al., 
2005; Langlois, et al., 2011) data. Yet, some of these models are very complex, 
requiring intricate prior knowledge on the simulated media (snow, soil, vegeta-
tion), and are computationally heavy. In real-time or near real-time mapping of 
wide areas, the preference is for simpler models requiring less ancillary infor-
mation and processing power. More information regarding the existing models 
for simulating the effect of vegetation on the remote sensing signals can be 
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found in Publication 1. The model used in this work for simulating the remote 
sensing signals of forested terrain, is a simplified version of the HUT (Helsinki 
University of Technology) semi-empirical forest model (Pulliainen, et al., 1994; 
1996; 1998), hereafter referred to as the zeroth order model. The zero of order 
in the context of radiative transfer models refers to the number of multiple scat-
terings within a random medium (in this case forest canopy) that are accounted 
for in a model (Ulaby, et al., 1986; Karam, 1997). The zeroth order model used 
in this thesis therefore considers the canopy as one effective layer/particle, at-
tenuating the radiation passing through by absorption and single particle scat-
tering, and acting as a source of emission (only passive microwave), thus ignor-
ing multiple scattering within the canopy itself. 

2.4 Forest floods 

Floods are a well-known natural phenomena in Finland experienced almost 
every spring during the snowmelt season, causing damages to e.g. agriculture, 
the road network and buildings. Near real-time flood maps can help emergency 
personnel when operating during flood events, and they can by useful to land-
owners and farmers in planning preventive or recovery actions. Flood maps can 
also be beneficial to private or public sectors for community, agriculture and 
forest planning, or they can be used by insurance companies when handling 
claims related to flood damages. The progress of the floods during the spring 
snow melting period could also be predicted more accurately based on flood 
maps of the previous years. (Marttila, et al., 2005) 

Traditionally floods have been mapped with airborne optical instruments. 
This technique can provide maps with very high spatial resolution, works in al-
most all weather conditions, and allows temporal and spatial flexibility, pro-
vided that a pilot, airplane and the related equipment are available. Yet, the 
costs are high, and the spatial coverage is low compared to satellite imagery. The 
use of drones instead of airplanes can reduce costs, but the spatial coverage re-
mains small. Space borne remote sensing techniques enable a relatively fast and 
cost-efficient mapping of floods for wide areas (Klemas, 2015; Refice, et al., 
2018). Optical satellite data has been widely used for flood mapping (Huang, et 
al., 2018). However, they are not suitable for frequently clouded areas such as 
the boreal environments.  

SAR techniques offer a good alternative, applicable in all weather conditions 
and enabling mapping even in spatial resolutions higher than one meter 
(Tsyganskaya, et al., 2018; Shen, et al., 2019). When using single polarization 
SAR data, the flooded areas can be separated from non-flooded areas based on 
backscatter differences. The backscatter of floods in open (non-forested) areas 
is considerably lower than the backscatter of non-flooded areas, due to the spec-
ular reflection occurring on the water surface. For floods under tree canopy, the 
scattering scheme is more complex, but typically the backscatter is higher than 
in dry forests, due to corner reflection between the water surface and the tree 
trunks (Engheta & Elachi, 1982; Richards, et al., 1987; Townsend, 2001; 2002). 
In operational algorithms based on SAR, the separation of floods and non-
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flooded areas is usually carried out using backscatter thresholding methods 
(Brivio, et al., 2002; Matgen, et al., 2007; Martinis, et al., 2009). Finding the 
optimal threshold values is a critical step in flood detection algorithms. The op-
timal threshold value for differentiating flooded forests typically decreases with 
larger incidence angles (Townsend, 2001).  

Fully polarimetric SAR can identify floods in vegetated areas, which are unde-
tected by the more straightforward methods based on changes in backscattering 
intensity. For example, separation of double bounce effects, mainly caused by 
floods under tree canopy, from the other scattering mechanisms, are possible 
with different decomposition techniques (Wang & Davis, 1997; Brisco, et al., 
2013; Schmitt & Brisco, 2013). However, fully polarimetric SAR imagery is cur-
rently not available in a scale required by operational flood monitoring.  

Previous studies aiming at flood detection in forested areas with SAR show, 
that inundated areas under tree canopy can be well detected even when using 
relatively high frequency X-band SAR (Pulvirenti, et al., 2013; Voormansik, et 
al., 2014; Martinis & Rieke, 2015), in spite of the limited penetration of the sig-
nal through forest canopies. Concerning open (non-forested) areas, higher fre-
quency C- and X-band are even favorable, because the lower frequency L-band 
signal can more easily mix between open water and other smooth surfaces 
(Drake & Shuchman, 1974; Martinis & Twele, 2010; Voormansik, et al., 2014). 

The most common reason for spring floods in the boreal region is the in-
creased water level in rivers and lakes, mainly caused by a combination of rapid 
snowmelt and frozen soil (Krasovskaia & Gottschalk, 2002). During typical 
spring floods, low elevation areas next to rivers and lakes are inundated, while 
higher elevation areas remain dry. The aim is therefore to identify the borderline 
between flooded and dry areas. Floods in boreal forests were mapped by Voor-
mansik, et al., (2014), who concluded that additional testing of the X-band sen-
sor should be carried out with more detailed information regarding tree species, 
stand age, height and density. ESA’s Sentinel-1 satellite pair offers a valuable 
SAR data source suitable for monitoring flood conditions (Twele, et al., 2016; 
Clement, et al., 2018; Ruzza, et al., 2019; Tsyganskaya, et al., 2019; Uddin, et 
al., 2019), especially in northern latitudes due to nearly daily temporal resolu-
tion. However, the land areas are regularly imaged only with VV- and VH-po-
larizations, which are less useful for detecting floods under forest canopy com-
pared to HH-polarization (see section 2.2) 

2.5 Soil frost detection with SAR 

More than half of the total land areas in the northern hemisphere experience 
seasonal soil freezing (Zhang, et al., 2003). A large portion of these areas are 
covered by boreal forests. As mentioned in chapters 1 and 2.1, microwave re-
mote sensing methods are ideal for soil moisture detection, because higher soil 
water content increases the dielectric constant of the soil. Concerning active mi-
crowave Earth observation, soil freezing thus lowers the dielectric constant, 
causing higher penetration into the soil, leading to decreased backscatter. Soil 
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F/T estimates are generally more rigorous if the soil was wetter prior to freezing, 
because then the change in the dielectric constant is more prominent. 

Several methods for detecting the F/T state of the ground surface with passive 
and active microwave instruments can be found in literature. Algorithms based 
on higher K- and Ka-frequency passive microwave instruments, such as the 
SSM/I (Special Sensor Microwave Imager) (Kim, et al., 2011) and AMSR-E (Ad-
vanced Microwave Scanning Radiometer Enhanced) (Zhao, et al., 2011) have 
been introduced; however, these methods acknowledge the interference of fac-
tors such as forest canopy and the presence of snow cover to the retrieved F/T 
state. Following the launch of SMOS and SMAP, methods for the detection of 
soil F/T state using L-band passive (Rautiainen, et al., 2016) and active (Xu, et 
al., 2016) microwave observations (Derksen, et al., 2017), less affected by the 
presence of vegetation, have been developed. The SMAP algorithm designed for 
the active sensor was tested for Aquarius L-band scatterometer observations 
(Xu, et al., 2016). The algorithm is based on a seasonal thresholding approach, 
where the soil’s F/T state is estimated by comparing the observed backscatter 
with the backscatter representing freeze and thaw conditions. A product show-
ing the soil surface state has also been developed for the ASCAT (Advanced Scat-
terometer) instrument (Naeimi, et al., 2012).  

Studies regarding soil F/T detection with C-band SAR started with ERS-1 
(Rignot & Way, 1994), and continued with Envisat (Park, et al., 2011). Soil freez-
ing directly affects the dynamics of the polarimetric entropy and mean scatter-
ing alpha angle, enabling the detection of soil’s F/T state using an eigen-based 
decomposition technique with fully polarimetric C-band data (Jagdhuber, et al., 
2014). The availability of fully polarimetric SAR data is however not sufficient 
for continuous monitoring of the soil state. A recent study where Sentinel-1 data 
was combined with a semi-empirical dielectric constant model for agricultural 
areas located near Paris shows the potential of C-band SAR data for continuous 
monitoring of the soil F/T state (Baghdadi, et al., 2018).  

Currently available methods for the detection of soil F/T state, which rely on 
single-polarization SAR data, do not explicitly take into consideration the influ-
ence of the forest canopies, and are therefore potentially less reliable for boreal 
forest regions. The challenge in using C-band SAR compared to lower frequency 
L-band, and moreover, VV-pol (available from Sentinel-1) compared to HH-pol, 
for the detection of soil freeze, is the limited penetration through forest canopies 
(Wang, et al., 1995; Townsend, 2002; Lang & Kasischke, 2008; Pierdicca, et al., 
2013). Estimation of soil F/T state using observed values directly can therefore 
be difficult or even infeasible with these data. A similar model to the one pre-
sented in this study has been used in previous studies for retrieving the different 
backscatter components which form the total backscatter (Pulliainen, et al., 
1994; 1999; Montomoli, et al., 2016). A numerical inversion of the model allows 
the retrieval of the different backscatter contributions, such as the ground 
backscatter, enabling e.g. the estimation of soil moisture. Similarly, the re-
trieved backscatter components could be used in the context of detecting the 
soil F/T state. 
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3. Materials and methods 

This chapter first describes the methods applied in the more theoretical part of 
this thesis; applying a simple zeroth order model for simulating the effect of 
vegetation on the remote sensing signal of optical, SAR, and passive-microwave 
sensors. Then, the methods of the more practical part of this work; flood detec-
tion and soil F/T state estimation in boreal forests using SAR, are explained. In 
addition to investigating the backscatter contributions in flooded forests using 
the zeroth order model, the aim in Publication 2 was to define in which forest 
conditions regarding canopy closure and tree height, flood detection is feasible 
with HH-polarization X-band SAR. In Publication 3, the ground and the canopy 
backscatter retrieved from C-band SAR observations using the model were fur-
ther utilized for soil F/T detection. Finally, section 3.5 describes which forest 
data was used in this study, and how the forests data was prepared. 

Pre-processing of the space-borne SAR data in this thesis included calibration 
to sigma naught backscatter values (σ0) and georeferencing while considering 
the terrain topography (terrain correction). Correction of the influence of the 
topography on the radiometry (terrain flattening) was not performed, as the ar-
eas of interest were relatively flat, however, the incidence angle was considered 
in the analyses. More detailed information about the performed SAR processing 
is given in Publications 1, 2 and 3.  

3.1 Forest forward model 

In this work, a simplified zeroth order model of the radiative transfer equation 
(Pulliainen, et al., 1994; 1996; 1998) was applied to simulate the influence of the 
forest canopy on the observed remote sensing signal. The model can be used to 
estimate the signal contributions of the ground and the canopy, despite the lim-
ited or even non-existent penetration of the signal through the forest canopy. 
This is done by utilizing remote sensing observations from various canopy con-
ditions and by modeling the total observed signal as a function of a forest density 
parameter, e.g. canopy closure, stem volume or tree height. Due to sufficient 
accuracy and simplicity, this model enables a retrieval of the signal components 
for wide areas, and moreover, it can be applied for optical as well as microwave 
active and passive data. A similar approach has been previously applied in the 
case of active and passive microwaves (Pulliainen, et al., 1994; 1999; 2001; 
Luojus, et al., 2007; 2009; Koskinen, et al., 2010) and in the case of optical data 
(Metsämäki, et al., 2005; 2012; 2015; Pulliainen, et al., 2014). However, Publi-
cation 1 presented a unique study applying modified versions of the same model 
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to all sensor types over a single test site, and Publication 2 presented an en-
hanced version of the active microwave model (double bounce scattering in-
cluded) for four different test areas. The model aims at distinguishing and quan-
tifying the contributions of the main components on the total signal measured 
at the sensor. An important factor in the model is the canopy extinction coeffi-
cient which determines the transmissivity (t) of the electromagnetic signal 
through the forest canopy.  

In Publication 1 the model was tested for three airborne and one space-borne 
dataset. The airborne datasets analyzed were: 1) The AISA (Airborne Imaging 
Spectrometer for Applications) optical dataset collected within the Airborne Im-
aging Spectroscopy Application and Research in Earth Sciences (AISARES) 
Graduate School during March 2010; 2) The SnowSAR SAR dataset collected 
within the Phase A studies of the proposed Cold Regions Hydrology High-Res-
olution Observatory (CoReH2O) mission, one of the candidates for the 7th Earth 
Explorer Core mission by ESA, during winter 2011-2012; 3) The Helsinki Uni-
versity of Technology Radiometer (HUTRAD) passive microwave data obtained 
in March 2011. The Analyzed space-borne dataset was a whole-winter time se-
ries of TSX acquisitions from winter 2011-2012, obtained within the CoReH2O 
study. 

The ground surface and the forest canopy components forming a zeroth order 
forest model in the investigated sensor types are depicted in Figure 3. As seen 
in Figure 3a, the TB components contributing to the total signal measured by the 
sensor,  that are accounted in the model, are direct emission from the canopy 
and the ground, as well as canopy downwelling emission reflected from ground 
towards the sensor. Similarly, as shown in Figure 3b and in Figure 3c, the 
backscatter and the reflectance contributions respectively, from the total ob-
served signal measured by the sensor, are the signals scattered from the canopy 
and from the ground surface. In all cases, depending on the forest transmissivity 
t, forest canopy dampens the signal coming from the ground surface towards 
the sensor.  

In Publication 2 the model was tested using Cosmo Sky-Med Stripmap HH-
polarization backscatter images acquired during spring flood events for four test 
sites across Finland; Kittilä, Kolari, Pudasjärvi and Evo. Figure 4 shows a 
scheme of the active microwave model applied in the case of flooded forests. In 
addition to the canopy and the ground backscatter contributions depicted in 
Figure 3b, this model also includes the double bouncing component, mainly 
caused by scattering between the tree trunks and the flood surfaces. 
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Figure 3. Different TB (a), backscatter (b) and reflectance (c) contributions to the total radiation, 
which are considered in the models of the study of Publication 1, described by Equations 
(3.5), (3.6) and (3.7). Figure adapted from Publication 1. 

 

Figure 4. Different backscatter contributions to the total radiation which are considered in the 
model of Publication 2, described by Equation (3.9): Canopy volume scattering, double 
bounce scattering between flood surface and tree trunks, and direct surface scattering from 
the ground/flood surface. Figure adapted from Publication 2. 

The basic methodology and related equations explaining the model are pre-
sented in this chapter, but more specific explanations and equations regarding 
the different applications are given in Publications 1-3. Regarding the forest 
cover, it can be assumed that the one-way transmissivity of the forest canopy is 
exponentially related to the total extinction, so that 

 
,   (3.1) 
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where  is the canopy extinction coefficient,  (forest parameter) is a param-
eter describing the physical properties of the forest canopy (canopy closure or 
stem volume in this study), and  is the incidence angle. In the models applied 
for optical and SAR data, the radiation passes through the forest canopy twice; 
once when propagating from the sensor towards the ground, and again, when 
returning to the sensor after hitting the ground interface. Instead of one-way 
transmissivity, a two-way transmissivity is therefore used. In the active micro-
wave model, the two-way transmissivity (Eq. 3.2) is defined as the one-way 
transmissivity (Eq. 3.1) to the second power, because the incoming and outgoing 
angles are the same (forest canopy conditions are considered equal for both 
propagation paths): 

 
.  (3.2) 

 
In the optical model, the incoming  and the outgoing  angles are dif-
ferent, leading to a two-way transmissivity defined as: 

 

.  (3.3) 
 

The radiative transfer model for mixed open area and forested observations is 
expressed as: 

 
,  (3.4) 

 
where the forest fraction ( ) represents the forest fraction within the sample 
area ranging between 0 and 1,  represents the total radiation measured at 
the sensor,  represents radiation from forests and  radiation from 
open areas. The presented model, however, considers a sample area as being 
entirely non-forested or forested with changing canopy closure or stem volume, 
hence, the forest fraction of a sample area is either zero (non-forested) or one 
(entirely forested). In the optical and the active microwave models this assump-
tion is acceptable, because the pixel size was always smaller than 10 x 10 m. Yet, 
in the passive microwave model, where the footprint size was in the order of 40 
x 80 m for 10 and 18 GHz, and 50 x 100 m for 36 GHz, the  would often be 
between zero and one. In the passive microwave model, only samples with  
lower than 0.1 (non-forested) and higher than 0.7 (forested) were therefore in-
cluded in the analysis.  

The zeroth order models for optical (Eq. 3.5), active microwave (Eq. 3.6) and 
passive microwave (Eq. 3.7) observations are shown below. The first term in 
Equations (3.5), (3.6) and (3.7) determines the contribution of the ground sur-
face, and the second term determines the contribution of the forest canopy on 
the observed signal. Ground surface here refers to the joint contribution of the 
ground itself together with the contribution of snow if exists. The third term in 
Eq. (3.7) determines the downwelling emission of the tree canopy which is re-
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flected from the ground towards the sensor. Eq. (3.9) shows the active micro-
wave model which includes the double bounce scattering mechanism (the third 
term) applied in case of flooded forests (Publication 2). Other possible multiple 
scattering contributions occurring within or between the atmosphere, vegeta-
tion and ground surface are neglected in this study, because their impact to the 
total radiation is relatively small. The aim of this work was to test and use a 
model suitable for practical mapping applications, and therefore, the added 
value in including multiple scattering components would have been minor com-
pared to the disadvantages caused mainly by larger ancillary data needs and 
longer processing times. When applied for optical data, the zeroth order total 
reflectance  observed above the forest canopy can be expressed as: 

 
, (3.5) 

 
where  is the reflectance of the ground surface or the snow surface if ex-
ists, and  is the reflectance of the canopy. Applying an analogous model 
as presented in Eq. (3.5) for the case of microwave backscatter gives: 

 
, (3.6) 

 
where  is the total backscatter,  is the backscattering coefficient of 
the ground layer and  is the backscattering coefficient of the forest can-
opy. As said, two-way transmissivity is used in the optical ( ) and 
SAR ( ) models, as the radiation beam passes through the canopy 
layer twice. 

For the passive microwave model, one-way transmissivity  is used, as 
the radiation passes through the forest canopy only once. A third component is 
also added to the model; the emission of the canopy towards the ground, which 
is scattered from the ground to the sensor. The passive microwave model can be 
expressed as: 

 
 

,  (3.7) 
 

where  is the reflectivity of the ground or snow,  is the TB of the ground 
layer and  is the physical temperature of the forest canopy. The model 
does not include emission from the atmosphere, which contribution to the total 
measured TB can be estimated as: 

 
.  (3.8) 

 
Using model simulations (Liebe, 1985; Pulliainen, et al., 1993), the microwave 
emission of the atmosphere  in the analyzed frequencies and incidence an-
gles ranges roughly between 10 and 30 K. According to Eq. (3.8), if  is as-
sumed to be the maximum 30 K, the TB contribution of the atmospheric emis-
sion in this study would be approximately on average 4.9 K for open areas and 
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1.6 K for forested areas where the stem volume is 100 m3/ha, corresponding to 
1.94 % and 0.64 % from the total measured TB respectively. Hence, the neglect 
of atmospheric emission in the passive microwave model (Eq. 3.7) did not pro-
duce considerable errors. 

Eq. (3.9) shows the active microwave model where the first two terms repre-
sent the contribution of ground surface and forest canopy respectively, as pre-
sented in Eq. (3.6), and the third term represents the double bounce (corner 
reflection) scattering which is mostly originated from the scattering between 
tree trunks and water surface: 

 
 

.  (3.9) 
 
 in Eq. (3.9) is a free constant to be optimized by the model.  is the num-

ber of tree trunks in one resolution cell, which is assumed to be linearly propor-
tional to the forest canopy closure divided by the surface area of a single tree 
estimated from the tree height.  is the radar cross section of one tree 
trunk which is also estimated from the tree height, and  is the area size of one 
resolution cell on the ground. Publication 2 gives a more detailed explanation of 
the active microwave forest model used. 

3.2 Retrieval method 

A numerical inversion method was implemented to the forward models de-
scribed in Eqs. (3.5)-(3.7) to retrieve the ground-level signal and the forest can-
opy signal in the case of optical reflectance, active microwave backscatter and 
passive microwave emissivity. The method exploits a large number of observa-
tions to iteratively fit the model against the most suitable parameters describing 
the vegetation properties. The free parameters in the optimization effectively 
yield the required parameters, i.e. the signal emanating from beneath the forest 
canopy and the signal emanating from the canopy itself. In this study, models 
were fit to the observational data using the method of least squares, minimizing 
the following cost functions: 

 

, (3.10) 

 
where  refers to the used forest parameter (canopy closure or stem volume) 
and  refers to the canopy closure or stem volume classes. The active microwave 
model written in Eq. (3.10) does not include the double bounce scattering com-
ponent, but the retrieval principal of minimizing the difference between the 
modeled backscatter and the median observed backscatter is the same with or 
without the third component. Publication 2 gives more detailed information re-
garding the retrieval method which includes double bounce scattering. There 
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were three free parameters in each model given in Eq. (3.10), while the  was 
obtained from ancillary data. The free parameters in the optical model were the 
contribution of open (non-forested) areas  and canopy  to the to-
tal measured radiation, as well as the canopy extinction coefficient . Cor-
respondingly, the three free parameters in the SAR model were ,  
and , and in the passive microwave model ,  and . In 
Publication 1, the extinction coefficient  was replaced by the effective extinc-
tion coefficient , incorporating the incidence angle which was nearly constant 
for all observations. 

The focus in Publication 1 was to test and validate the proposed model for the 
three different sensor types. For this purpose, the observed signal from open 
areas was compared with the modelled one. The observed signal of open areas 
was obtained by calculating the median (optical and active microwave data) or 
mean (passive microwave data) value of all observations in areas where canopy 
closure or stem volume was zero. This inversion method is applicable providing 
that the ground surface and the vegetation transmissivity properties are consid-
ered to be constant over the area of interest. The area of interest in practical 
retrieval applications is a grid cell consisting enough observations from which a 
reliable model fitting can be achieved. An output product showing e.g. the re-
trieved ground backscatter would then consist of output grid cells, each one hav-
ing a certain ground and canopy transmissivity properties. For instance, in Pub-
lication 3, the size of one output grid cell was 1000 x 1000 m, which consisted 
of more than 3800 possible observations with various forest properties. Land 
cover areas with a distorting effect on the signal were omitted, using land cover 
information extracted from the Finnish Corine Land Cover. 

3.3 Mapping forest floods 

In this study a simple flood detection algorithm based on a threshold value ap-
proach was applied for HH-polarization X-band SAR data in order to separate 
flooded from non-flooded areas. Two threshold values were used, one lower 
threshold value to separate open area floods from dry areas, and another higher 
threshold value to separate floods in forested areas from dry areas. The ability 
of the algorithm to detect floods in various forest conditions was assessed by 
comparing the flood detection results with reference flood information and for-
est properties. 

Manual in situ information regarding the flood condition was collected at two 
test sites; Kolari and Evo, while automatic measurements of the river water level 
were utilized in the two other test areas; Kittilä and Pudasjärvi. The field data 
from Kolari and Evo consisted of flood boundary points which were collected 
using high accuracy Global Positioning System (GPS) and Global Navigation 
Satellite System (GNSS) receivers. The data points were collected temporally as 
close as possible to the satellite image acquisitions. In Kolari, the measurements 
and the photographs were taken during the same day, but in Evo, part of the 
campaign was delayed for four days due to a weak GPS signal in the first days. 
Fortunately, the flood surface level was stable during this time. If a clear line 
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between flooded and non-flooded areas could not be determined, square shaped 
areas representing homogeneous partly flooded terrain were defined. These 
were typically a mixture of wet ponds and non-flooded hummocks. Soil mois-
ture was not measured quantitatively, but as typically during spring flood sea-
son, the soil was observed to be moist in all areas during the whole field meas-
urement campaign. 

In order to properly assess the accuracy of the SAR detection in forests, suffi-
cient amount of ground truth information covering various forests conditions, 
defining the real flooded areas, was needed. During spring floods, the water 
level is typically very dynamic, and therefore, especially in the larger test areas 
of Kittilä and Pudasjärvi, it was not possible to conduct a ground measurement 
campaign covering enough areas on such a tight schedule. For the extraction of 
the reference areas, it was thus necessary to develop a reliable method based on 
remote sensing data. In addition to the SAR backscatter images, a high resolu-
tion digital elevation model (DEM), the LiDAR based forest maps and the avail-
able in situ data were utilized to manually digitize the flooded and non-flooded 
reference areas. Floods in open treeless areas and in most forests were well sep-
arated from non-flooded areas based only on the SAR backscattering image. 
This provided a good initial estimate for the reference areas. Each initial refer-
ence flooded area was then manually corrected if needed, and verified based on 
the high resolution DEM, and when available, based also on the in situ meas-
urements. As said, manual in situ measurements were not conducted in Kittilä 
and Pudasjärvi, but instead, automatic in situ sensors of the Finnish Environ-
ment Institute (SYKE), measuring the water surface level along the rivers, were 
utilized in addition to the other ancillary data for determining the flood extent. 
The same SAR images were used for manually extracting the initial flood refer-
ence areas and for the flood detection algorithm. 

In this study, the optimal threshold values for each test area were chosen man-
ually by comparing the backscatter values inside training areas representing 
open floods, forest floods and non-flooded areas. The training areas were man-
ually digitized by a visual interpretation of the SAR backscatter images. A lower 
threshold value separating floods in open areas from dry areas was calculated 
based on the observed backscatter inside the open floods and non-flooded train-
ing areas, as described in Eq. (1) of Publication 2. An upper threshold value sep-
arating flooded forests from dry areas was calculated based on the observed 
backscatter inside the forest floods and non-flooded training areas, as described 
in Eq. (2) of Publication 2. 

3.4 Soil frost detection 

A new approach for the estimation of soil F/T state with Sentinel-1 C-band SAR 
for boreal forests was presented in this work. The soil F/T state estimation was 
performed based on the two retrieved parameters; ground and canopy backscat-
ter components, derived by applying the zeroth order backscatter model on the 
C-band SAR observations. The F/T soil state estimate was given in a 1 km grid 
cell size. The observed and retrieved backscatter values were first analyzed 
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against various forest and air temperature conditions. A classification to freeze, 
thaw or uncertain classes was then performed using a linear 2-D line calculated 
from the retrieved ground and canopy backscatter values representing freeze 
and thaw cases. Ground truth information regarding soil F/T state at the time 
of the satellite acquisitions was acquired from six in situ stations mounted in 
different locations across the test area, measuring soil temperature and permit-
tivity at 5 cm depth and air temperature at the height of 110 cm. If the soil state 
based on the in situ measurements was not clearly frozen or thawed, it was 
flagged as uncertain. The soil state was flagged as uncertain also during the 
melting season, because in wet snow conditions, the SAR backscatter is mainly 
controlled by the wet snowpack and not by the underneath soil conditions. The 
wet snow period was recognized based on snow temperature close to zero to-
gether with decreased backscatter values during the spring months. 

Following an analysis of the retrieved and observed backscattering signals 
with respect to forest properties and in situ observations, it was found, that the 
backscatter of the ground surface and the forest canopy allowed separating the 
freeze and thaw states using 2-D linear classification. Based on the in situ infor-
mation, the retrieved backscatter contributions of the ground σ0gr and the can-
opy σ0can were classified to values representing frozen soil, thawed soil and un-
certain values. A 2-dimensional linear classification line separating the re-
trieved values representing freeze and thaw conditions was then calculated us-
ing a least sum of square errors estimation method. The 2-D separation line  
was defined as: 

 
  (5.1) 

 
where  is a matrix containing the 2-dimensional feature vectors (points) x1 … 
xN: 

 

  (5.2) 

 
The first column of matrix  contains the median value of the retrieved σ0gr, 
each value representing one SAR acquisition. The second column contains the 
corresponding σ0can values, and the third column provides a weighting factor of 
value 1 for all feature vectors.  is the number of all points, in this case, the 
number of SAR acquisitions used. Vector  is a discriminant vector correspond-
ing to the feature vectors, where value 1 denotes frozen and -1 thawed. Points 
representing uncertain soil state were not considered in the calculation of the 
classification line. 

F/T classification with the proposed method was first tested for the areas 
around each in situ station, by including only the backscatter observations from 
the nine nearest grid cells to an in situ station, while of course considering only 
the ground observations of that particular station. Then, the F/T classification 
was tested separately for different soil types found in the test area, by using all 
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available backscatter observations within each examined soil type, and infor-
mation from all in situ stations for deriving the soil state. If all in situ stations 
indicated frozen soil, the soil was considered frozen, and if all stations indicated 
thawed, the soil was considered thawed. Otherwise, the soil state was consid-
ered uncertain. The test area included six major soil types: Coarse Haplic Podzol 
(CHP), Fine Haplic Podzol (FHP), Histosol, Umbric Gleysol (UG), Bedrock and 
Haplic Arenosol (HA). Table 1 describes the main soil types and their coverage 
in the test area of Sodankylä. 

Table 1. The main soil types and their coverage in the Sodankylä test area. Table adapted from 
Publication 3. 

Soil type Coverage (%) Description 
Coarse Hap-
lic Podzol 30.9 Typically forested mineral dry or semi dry soil with relatively large 

grain size 
Fine Haplic 
Podzol 24.1 Same as coarse Haplic Podzol but with smaller grain size 

Histosol 20.7 Organic wet soil, found in bogs and wetlands. Mostly devoid of trees. 
Umbric 
Gleysol 8.7 Semi organic peat soil, typically forested 

Bedrock 8.0 Found mainly on hill tops and on slopes. Incapable of holding water, 
and usually with no trees. 

Haplic 
Arenosol 4.7 

Typically forested fine sandy-loam soil found predominantly close to 
large rivers, particularly if the river channel has changed its shape, 
exposing old channel bed materials. 

 
Histosol and Bedrock soil types were neglected. Histosol soils (bogs and wet-
lands) are mostly devoid of trees, thus they are out of the scope of this study, 
and Bedrock (rocky soil) is less relevant considering soil F/T state retrieval due 
to very low water holding capacity. 

3.5 Forest data 

One important factor in a successful retrieval of the forest canopy influence on 
the remote sensing signal is the quality of the forest data used. The model re-
quires at least information regarding the canopy closure (CC) or the stem vol-
ume (SV) of the forest, and if double bounce scattering is included, also tree 
height (TH) information is needed. In Publication 1 and Publication 2, forest 
CC, TH and SV maps were generated from LiDAR point cloud data available 
through NLS. Corresponding MS-NFI datasets, generated by LUKE, were used 
for calibrating the LiDAR based SV, and validating the LiDAR based CC and TH 
maps. In Publication 3, only MS-NFI data was used for deriving forest infor-
mation. The following paragraphs introduce the MS-NFI forest data generated 
by LUKE and give an overview on how the forest maps were generated from the 
LiDAR point clouds. 

The MS-NFI products include various data describing the forest properties in 
Finland, freely available through a download service maintained by LUKE. The 
data are continuously being updated, and until now, versions from years 2006, 
2009, 2011, 2013, 2015 and 2017 have been published.  The MS-NFI is produced 
by assimilation of optical satellite data with in situ measurements and other dig-
ital spatial data. A k-nn estimation method using the 11th Finnish National For-
est Inventory (NFI) field measurements, Landsat 8 OLI and Resourcesat 1 LISS-
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III imagery, as well as other digital spatial data was used to generate the forest 
products (Katila & Tomppo, 2001; Tomppo, et al., 2008; 2011). The field data 
consisted of 58 046 forest reference plots measured during 2009-2013. Mäkis-
ara et al. (2016) gives a detailed description of the MS-NFI 2013 products. In 
this thesis, MS-NFI forest datasets from versions 2011 and 2013 were utilized. 

Airborne laser scanning (LiDAR) data from NLS was used to create CC and 
TH maps in 10 m spatial resolution. Vegetation height grids in 1 m and 2 m pixel 
size were first created from the point clouds by subtracting the ground level 
height (Digital Terrain Model) from the top of the vegetation (Digital Surface 
Model). The CC grids were then generated by 1) classifying pixels of the 1 m 
vegetation height grid to tree or no-tree; 2) calculating the ratio between tree 
pixels and all pixels inside a grid cell of 10 x 10 m; 3) applying a correction de-
pending on the scanning angle. The TH grids were generated by 1) removing 
water and low vegetation areas from the 2 m vegetation height grid; 2) applying 
a circle shaped dilation (maximum) filter with a radius of 2 pixels (equivalent to 
4 m on the ground) and; 3) calculating the mean vegetation height inside a grid 
cell of 10 x 10 m. Data was processed first with LAStools (Isenburg) and then 
with SAGA GIS (Conrad, et al., 2015) software. The evaluation showed good cor-
relation between LiDAR based and MS-NFI based CC and TH data (see Publi-
cations 1 and 2). Table 2 shows the properties of the LiDAR data. 

Table 2. Technical details and imaging geometry of the LiDAR measurements. Table adapted from 
Publication 1. 

Point density at least 0.5 points/m2 
Distance between points ~1.4 m 
Mean vertical error 15 cm 
Mean horizontal error 60 cm 
Flight altitude 2 km 
Footprint on the ground 50 cm 
Wavelength Infrared 
Storage Discrete return 

 
SV was also retrieved indirectly from the LiDAR data, by multiplying CC by TH 
(CC x TH) and by comparing the product to SV from MS-NFI data ( ). 
Figure 5 shows an example of the LiDAR based SV retrieval for the Sodankylä 
test area. A linear and a nonlinear exponential fitting of CC x TH to  
was tested, and the nonlinear fit, expressed by the following fit curve (Eq. 3.11), 
in which a and b are constants optimized for each test area separately, was found 
to be better. 

 
.  (3.11) 
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Figure 5. Modeling of SV from LiDAR CC and TH for the Sodankylä test area. The exponential 
fit had a better correlation, lower RMSE and smaller bias (r2=0.452, RMSE=24.1, bias=3.95) 
compared to the linear fit (r2=0.428, RMSE=29.0, bias=16.2). Figure adapted from Publica-
tion 1. 

The MS-NFI forest data have been shown to underestimate the SV in forests 
with high SV (Katila, et al., 2000; 2006). Due to the empirical fitting of the Li-
DAR data to the MS-NFI SV estimates, the bias of the retrieved LiDAR based SV 
estimates is expected to have similar bias values as were found for the MS-NFI 
product itself. Therefore, also the LiDAR based forest SV data is expected to 
show underestimation in forests with high SV. Nevertheless, for remote sensing 
applications requiring up to date forest information with high spatial resolution 
and full national coverage, such as the ones demonstrated in this thesis, the MS-
NFI is definitely the optimal reference forest data source. 
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4. Results 

4.1 Application of the forest model – multi-sensor analysis 

The results describing the statistical fit of the SAR forest backscatter model 
against the spread of observations with varying vegetation cover is presented in 
Figure 6. The retrieved estimate of the ground level signal was also compared to 
measurements over non-vegetated terrain. For all sensor types, the model in-
version was performed against two forest parameters, namely canopy closure 
(CC) and stem volume (SV). As seen in Figure 6, the zeroth order model used 
was able to successfully simulate the backscatter of the forested terrain. Similar 
plots showing the model simulations for optical reflectance and microwave TB 
data are presented in Publication 1. 
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Figure 6. Three examples of model estimates against TSX acquisitions. Median and STD of dis-
cretized observed values in decibel units as well as model fit are depicted. Median of the 
observed backscatter over non-forested areas, modeled effective extinction coefficient and 
coefficient of determination between the observations and the model are also given for each 
channel. 25.11.2011 (top row) represents the beginning of the winter, when the snow layer 
is thin. 10.2.2012 (center row) represents typical winter snow condition, when ground is cov-
ered with deep dry snow layer. 27.4.2012 (bottom row) represents melting season snow con-
ditions when ground is covered with wet snow. VH-pol (left column) and VV-pol (right col-
umn). Figure adapted from Publication 1. 

Results of the optical, SAR and passive microwave forest models are summa-
rized in Table 3, Table 4 and Table 5, respectively, in terms of the root mean 
square error (RMSE), bias error and coefficient of determination (r2) between 
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the model estimates and the observations, as well as the difference between the 
observed and the retrieved signal over open (non-vegetated) terrain. For all sen-
sor types, the errors and correlations were about as high when using CC or SV 
as the forest parameter. Also, the differences between the retrieved and the ob-
served reflectance, backscatter and TB were similar when using CC and SV as the 
forest parameter. 

Table 3. Model estimates against observations for the optical airborne AISA spectrometer: RMSE, 
bias and coefficient of determination between the estimated and the observed reflectance, as well 
as the difference between the estimated and the observed median reflectance in open areas, at 
four spectral bands (blue: 459-479 nm, green: 545-565 nm, red: 620-670 nm, NIR: 841-876 nm), 
when using CC and SV as the forest parameter. Table adapted from Publication 1. 

Date Band 
CC SV 

RMSE bias r2 ρsnow,obs – 
ρsnow,mod 

RMSE bias r2 ρsnow,obs – 
ρsnow,mod 

18.3 

Blue 0.123 0.0009 0.79 0.02 0.121 -0.0043 0.79 0.02 
Green 0.126 0.0016 0.78 0.02 0.123 0.0009 0.78 0.03 
Red 0.125 0.0022 0.76 0.02 0.123 -0.0021 0.77 0.02 
NIR 0.137 0.0011 0.62 0.02 0.134 0.0018 0.64 0.02 

21.3 

Blue 0.127 -0.0042 0.72 0.00 0.125 -0.0053 0.73 0.00 
Green 0.136 -0.0101 0.73 0.00 0.133 -0.0080 0.74 0.01 
Red 0.128 -0.0097 0.80 0.01 0.125 -0.0092 0.81 0.02 
NIR 0.119 -0.0142 0.71 0.00 0.114 -0.0071 0.73 0.02 

 

Table 4. Model estimates against observations for the active microwave SnowSAR and TSX in-
struments: RMSE, bias and coefficient of determination between the estimated and the observed 
backscatter, as well as the difference between the estimated and the observed median backscat-
ter in open areas, when using CC and SV as the forest parameter. All available TSX images 
between the 1st of Dec and 30th of Apr (when the ground was covered with snow) were considered 
when calculating the statistical averages. RMSE, bias and the difference between the estimated 
and the observed median backscatter in open areas were calculated using backscatter values in 
decibel units. Table adapted from Publication 1. 

Sen-
sor Band Pol 

CC SV 

RMSE bias r2 σ0
snow,obs – 

σ0
snow,mod 

RMSE bias r2 σ0
snow,obs – 

σ0
snow,mod 

Snow-
SAR 

X VV 2.80 -0.054 0.44 -0.36 2.84 -0.100 0.42 -0.36 
X VH 2.50 0.435 0.41 -0.69 2.54 0.305 0.38 -0.69 
Ku VV 2.75 -0.176 0.35 0.05 2.78 -0.184 0.33 0.05 
Ku VH 2.03 0.079 0.48 0.00 2.09 -0.022 0.44 0.00 

TSX X VV 1.85 -0.15 0.36 -0.74 1.82 0.030 0.35 -0.15 
X VH 1.80 -0.11 0.43 0.75 1.80 0.097 0.41 -0.14 

 

Table 5. Model estimates against observations for the passive microwave HUTRAD radiometer: 
RMSE, bias and coefficient of determination between the estimated and the observed TB, as well 
as the difference between the estimated and the observed mean TB in open areas, when using 
CC and SV as the forest parameter. Table adapted from Publication 1. 

Band Pol 
CC SV 

RMSE bias r2 TB,snow,obs – 
TB,snow,mod 

RMSE bias r2 TB,snow,obs – 
TB,snow,mod 

10 
GHz 

V 1.33 -0.072 0.09 0.8 1.20 0.008 0.15 0.5 
H 2.21 0.008 0.72 -0.4 2.21 0.100 0.72 -0.7 

18 
GHz 

V 1.89 -0.005 0.75 0.0 1.79 0.090 0.78 -0.1 
H 3.32 0.042 0.82 -0.1 3.21 0.141 0.83 -0.8 

36 
GHz 

V 8.48 0.093 0.84 1.4 8.00 0.126 0.86 1.0 
H 10.54 0.116 0.84 1.9 10.00 0.154 0.86 1.2 

 
A comparison between model estimates and remote sensing observations 
demonstrated that for the investigated sensor types and frequencies, a zeroth 



Results 

38 

order model can accurately estimate the signal behavior in boreal forests. Par-
ticularly, the correlation of the model estimates against HUTRAD passive mi-
crowave and AISA airborne optical data exhibited high values, with r2 ranging 
between 0.7 and 0.9, depending on the day of observation and the spectral band 
(not including 10 GHz band in passive microwave and NIR band in optical). 
Moreover, for all investigated sensor types, the values observed over open ter-
rain were very close to the retrieved model estimates for the signal at the 
ground/snow surface, beneath the forest canopy. This similarity indicates that 
the demonstrated methodology can successfully estimate the signal contribu-
tion of the surface beneath the forest canopy and compensate for the effect of 
the forest canopy on the total measured radiation, when investigating e.g. soil 
or snow cover properties.  

Modeling against airborne passive microwave observations also exhibited 
high correlations of up to 0.9 for the two higher observed frequency bands of 
18.7 and 36.5 GHz. For the lower 10.65 GHz frequency, correlation was lower, 
primarily due to the higher inherent insensitivity to vegetation. When using CC 
as the forest parameter, the model performed nearly as well as when using SV. 
CC, which is more easily derived from satellite observations, can therefore act 
as a good alternative to SV if the latter is not available.  

In the active microwave model, small bias values indicated that the median of 
the observed backscatter in open areas was accurately estimated. However, 
larger variation of the observational data, typical for active microwave sensors, 
caused higher RMSE between model and observations. The larger variation led 
to lower correlation compared to the optical and passive microwave cases, es-
pecially for the SnowSAR airborne Ku- and X-band data. The analysis of the 
TSX time series showed that despite radical changes occurring in e.g. soil mois-
ture, snow and canopy conditions, the backscatter of the ground/snow surface 
was still estimated accurately by the model, meaning that changes in canopy 
conditions were sufficiently addressed by the zeroth order model. r2 values up 
to over 0.7 between model and observations were achieved during dry snow and 
early snowmelt seasons. The correlations were reduced to r2 values of under 0.5 
in the early snow season and under advanced snow melt conditions. As men-
tioned, the lower correlation reflects an overall larger variation of SAR observa-
tions compared to optical and passive microwave observations. These results 
demonstrate that the zeroth order models have the potential to well simulate 
the signal extinction properties in a boreal forest environment, without account-
ing for higher-order scattering effects. 

4.2 SAR forest model in flooded terrain 

The zeroth order model for the active microwave X-band HH-polarization 
backscatter data was tested for the case of flooded forests in Publication 2. This 
chapter deals only with the modelling of the backscattering signal of forests dur-
ing flood events, and the rest of the results concerning the flood mapping study 
(Publication 2) are presented in chapter 4.3. As explained in section 3.1, in ad-
dition to the ground and canopy backscatter contributions that were accounted 
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in Publication 1 (Eq. 3.6), the applied model in Publication 2 included also the 
double bounce component, which is significant in flooded forests (Eq. 3.9). 
Flooded areas were analyzed for four test sites across Finland; Kittilä, Kolari, 
Pudasjärvi and Evo. The model was tested separately for each test site. The sim-
ilarity of the modeled backscatter components and the observed values was the 
highest in Pudasjärvi, and then in Kittilä. The flood reference areas in these test 
sites were the most diverse, including a larger number of observations from dif-
ferent forest conditions such as floods in open, semi-forested and under denser 
and higher forests. Moreover, the total size of the reference areas was substan-
tially larger in Kittilä and Pudasjärvi than in Kolari and Evo test sites. The mod-
eling was also more difficult in Kolari and Evo, because they lacked continuous 
semi-forested or open flooded areas.  

 

 

Figure 7. Analysis of X-band HH-polarization SAR data: Modeled σ0 contributions of flood surface 
direct scattering, canopy volume scattering and the double bounce scattering components, 
as well as the observed σ0 values as a function of canopy closure (CC) and tree height (TH). 
Figure adapted from Publication 2. 

Figure 7 shows the modelled surface direct scattering, canopy volume scattering 
and the double bounce scattering components, as well as the observed total 
backscatter, as a function of canopy closure (CC) and tree height (TH), only for 
flooded areas in the investigated test sites. When CC and TH are zero to very 
small, the strongest, although weak, backscatter component, is the direct sur-
face scattering occurring over the water surface. As CC and TH increase, the 
contribution of the direct surface scattering decreases, but both the contribution 
of the canopy volume scattering and the double bounce scattering increase. The 
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double bounce scattering increases more rapidly than the canopy volume scat-
tering, as already a relatively small increase in CC and TH significantly increases 
the backscattering caused by the double bouncing between the tree trunks and 
the water surface. Even in dense forests, when flooded, the most prominent 
scattering component in is the double bouncing backscatter, and not the canopy 
volume scattering. 

 

Figure 8. Analysis of X-band HH-polarization SAR data: Median of the modeled σ0 in the flooded 
areas, median and STD of the observed σ0 in the flooded and non-flooded areas (individual 
observations as points and median values as circles) in Pudasjärvi test area. σ0 values as a 
function of canopy cover (CC) on the left, and σ0 as a function of tree height (TH) on the right. 
The median of the modeled σ0 is calculated for the same CC and TH intervals as the median 
of the observations. Figure adapted from Publication 2. 

 

Table 6. Model performance and the retrieved model parameters for each test area. e is given in 
Nepers per stem volume unit and in decibels per stem volume unit. RMSE and bias were calcu-
lated between all observations of flooded forests and the corresponding modelled values, using 
backscatter values in decibel units. Table adapted from Publication 2.  

Area 
Model Performance Model Parameters 

RMSE bias σ0
flood surface 

[dB] 
σ0

canopy 
[dB] 

e 
[Np/(m3/ha)] 

e 
[dB/(m3/ha)] B 

Kittilä 3.08 -0.20 -15.7 -9.1 0.0167 0.0725 0.0131 
Kolari 2.82 0.57 -15.9 -7.8 0.0222 0.0964 0.0311 
Pudas-
järvi 2.37 -0.17 -19.4 -11.5 0.0086 0.0373 0.0066 

Evo 2.76 0.06 -11.3 -9.8 0.0056 0.0243 0.0044 

 
The modeled and the observed total σ0 of the flooded areas, and the observed σ0 
in the non-flooded areas as a function of CC and TH are shown in Figure 8 for 
Pudasjärvi test area. As expected, the total observed backscatter of flooded areas 
is low in open areas due to the specular reflection over flood surfaces. As CC and 
TH increase, stronger total backscatter is observed, mainly due to the increased 
double bouncing between flood surface and tree trunks. In denser forests with 
higher trees, the total observed backscatter slightly decreases, as the increasing 
amount of canopy decreases the penetration of the double bouncing signals 
more than what it increases the canopy volume scattering component. RMSE 
and bias between all backscatter σ0 observations (pixels) of flooded forests and 
the corresponding modelled values, as well as the retrieved model parameters 
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are presented in Table 6. The best model performance was achieved in Pudas-
järvi, where the RMSE between the modeled and the observed σ0 was 2.37 dB. 
In Kittilä the RMSE was 3.08, in Kolari 2.82 and in Evo 2.76. 

4.3 Mapping forest floods 

4.3.1 Flood detection in various forest conditions 

One of the main goals in this work was to define under which forest properties 
flood detection with X-band HH-polarization SAR data is feasible. The percent-
age of non-detected floods from the total flood reference areas as a function of 
canopy closure (CC) and tree height (TH) is presented in Figure 9. The results 
show that the simple threshold-based algorithm used detected less flooded ar-
eas in forests where the TH was low; over zero but under 4-5 m, or when the CC 
was low; over zero but under 20 %. Hence, in open areas where CC and TH were 
very close to zero, as well as in denser forests or/and forests with higher trees, 
the flood detection was more successful than in the semi-forested areas. TH 
seemed to have more influence on the capability of the algorithm to recognize 
the floods, at least in Kittilä, because relatively more floods were undetected in 
low TH areas than in low CC areas, and relatively more floods were detected in 
high TH areas compared to high CC areas. In Pudasjärvi, however, TH and CC 
seemed to have a similar impact on the capability of the algorithm to recognize 
floods. 

 

Figure 9. The percentage of non-detected flood areas as a function of CC and TH in Kittilä and 
Pudasjärvi. Figure adapted from Publication 2. 

Floods in low TH forests were harder to detect using solely X-band HH-polar-
ized SAR backscatter information, because the tree trunks were too short and 
narrow to cause a sufficient amount of double bouncing signal together with the 
flood surface. Floods in low CC forests were also less well detected, because the 
small number of tree trunks causing double bounce scattering increased the 
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level of backscatter compared to open floods, but the backscatter was still not 
strong enough to be classified as forest floods.  

As seen in Figure 10, a linear trend well describes the relationship between the 
derived optimal threshold values and the incidence angle. Both the upper 
threshold value separating flooded forests and the lower threshold value sepa-
rating open floods from non-flooded areas are higher in steeper incidence an-
gles. The threshold values derived for Evo test area are somewhat lower in rela-
tion to the retrieved linear trend. 

 

Figure 10. A linear relationship between incidence angle and the optimal σ0 threshold values (in 
linear scale) separating floods from non-flooded areas, for X-band SAR, using least squares 
fitting. “thr1” represents the σ0 values separating open floods and “thr2” the values separating 
forest floods from non-flooded areas, as a function of incidence angle. Figure adapted from 
Publication 2. 

4.3.2 Validation against manual in situ observations 

The results of the SAR based flood detection were compared with flood areas 
observed and digitized during the ground measurement campaign in the Kolari 
test area. Ground observations included non-flooded, partly flooded and com-
pletely flooded areas, as well as if possible, flood boundaries. Figure 11 shows 
the flooded areas detected by the satellite marked with partly transparent purple 
color over the SAR backscatter image in the middle, and the observations on the 
ground with corresponding photographs taken from different locations. The 
comparison of satellite detection against in situ measurements from Kolari in-
dicated that the floods were generally well detected. Floods were recognized in 
all areas where they were observed in situ, and the detected flood boundaries 
followed well the true boundaries observed on the ground. Most of the partially 
flooded areas, marked as red quadrilaterals in Figure 11, were also detected as 
floods, and all non-flooded areas, marked as green quadrilaterals, including 
peat bogs, were classified correctly as dry land by the flood detection algorithm. 
Although the ground was not completely covered with water in the partially 
flooded areas, the backscattering intensity was high enough to be classified as 
floods by the flood detection algorithm. On top of the corner reflection between 
the patchy water surface and the tree trunks, scattering between hummocks and 
water surface together with increased soil moisture probably contributed to the 
observed strong backscatter. Also in peat bogs (the yellow quadrilateral) the 
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presence of hummocks and the increased soil moisture somewhat increased the 
backscatter compared to other non-flooded areas. Yet, without corner reflection 
between flood surface and tree trunks, the backscatter was still not too high to 
be falsely classified as flooded by the satellite detection. 

 

Figure 11. Satellite detected flood areas and ground observations from Kolari study area. De-
tected floods are shown in the middle in partly transparent blue color, on top of the SAR 
image (brighter values indicate higher σ0). Georeferenced coordinates (in UTM) are on the 
left and upper side of the image. The distance in meters is shown on the right and bottom 
side of the image. Photos taken from dry, partly flooded, moist (peat bog) and flooded areas 
are presented next to the satellite image. Figure adapted from Publication 2. 

4.4 Detecting soil frost/thaw 

4.4.1 Backscatter vs. air temperature 

An initial analysis showed that backscatter values during cold air temperature 
conditions can be well separated from backscatter values during warm air tem-
peratures when using both canopy and ground backscatter information (Figure 
12 a). The separation is visually more apparent when replacing canopy backscat-
ter (in y-axis of Figure 12 a) with the difference between canopy and ground 
backscatter (Figure 12 b). This study found that air temperature in freezing con-
ditions (below zero Celsius degrees) has influence on the canopy backscatter, 
and to a small extent also on the ground backscatter, as shown in images c and 
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d of Figure 12. As expected, the ground and canopy backscatter values increased 
during the end of the winter due to increased volume scattering in the snow 
layer (Figure 12 f and g). 

 

Figure 12. The influence of air temperature on the retrieved and observed backscatter for the 
whole test period (a-e), for winter 2014-2015 (f), and for winter 2015-2016 (g). Retrieved σ0gr 
in x-axis and σ0can in y-axis (a) as well as σ0gr in x-axis and σ0diff (i.e. σ0can - σ0gr) in y-axis (b), 
with respect to air temperature. Retrieved σ0gr and σ0can (c), observed σ0open and σ0forest (d) 
and the retrieved difference σ0diff (e) in y-axis, with respect to air temperature in x-axis, to-
gether with linear trend lines and correlation coefficients for the whole test period and only 
for cold temperatures (air temperature under -2 C). A time series showing the retrieved σ0gr, 
retrieved σ0can, observed σ0forest, air temperature at the time of the SAR acquisition, the max-
imum air temperature since the last SAR acquisition, and the snow depth for the winter peri-
ods (f-g). The retrieved and the observed σ0 values shown in these plots represent the mean 
and the median values, respectively, of one SAR acquisition over the whole test site, exclud-
ing lakes, wetlands, rocky terrain and artificial areas. The air temperature was acquired from 
one of the in situ stations using the sensor located at 110 cm height. Figure adapted from 
Publication 3. 

Based on the correlations in images c-e, the F/T state of soil could be fairly well 
estimated using either σ0gr (Figure 12 c and d) or σ0diff (Figure 12 e), however, as 
seen in Figure 12 b, if only σ0gr or only σ0diff would be used to differentiate be-
tween the retrieved values in negative and positive temperature conditions, the 
dynamic range of uncertain observations would in both cases be more than 1 dB. 
Instead, if a separation between the negative and the positive temperature con-
ditions is done in a 2-D plane (Figure 12 b), the uncertain region can be reduced 
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to almost zero. Hence, even though the physical properties of the soil such as 
soil’s F/T state do not directly have impact on the canopy backscatter, the results 
show that σ0can can be helpful when estimating the soil F/T state. In very cold 
air temperatures of approximately under -10 C and during the end of the win-
ter, higher σ0can will decrease the likelihood of false thaw classification. Other-
wise, if relying only on σ0gr, which also shows a slight increase in the cases men-
tioned above, estimation of the soil F/T state would be more difficult. 

The main reason for the observed negative correlation between temperature 
and backscatter, mainly of the canopy, was most likely canopy freezing, which 
starts at temperatures below -5 C. Changes in the dielectric constant of 
ice/snow influencing the signal absorption can also lead to higher backscatter 
values in very cold temperatures. See chapter 5 or Publication 3 for more dis-
cussion regarding the influence of air temperature on microwave observations 
in sub-zero conditions. 

4.4.2 Linear classification of F/T soil state 

Figure 13 presents the median σ0gr and σ0can values and the F/T classification 
results for individual soil types. Each observation represents the median value 
of one SAR acquisition. SAR acquisitions with an incidence angle between 31  
and 33  over the test area are shown on the upper row, while acquisitions with 
an incidence angle between 37  and 39  on the lower row. Uncertain points dur-
ing the freezing and the melting seasons are marked with different colors. Clas-
sification of the soil F/T state based on σ0gr alone would have caused large num-
ber of false detections, since there is a notable overlap (a range of up to 2 dB) in 
observations representing both frozen and thawed conditions. Taking into ac-
count also the retrieved σ0can enables a separation of the frozen and thawed soil 
states more efficiently.  The optimal linear classification line is depicted in the 
figures by dashed lines. The observations representing uncertain conditions 
during the autumn are mostly located in between the ‘frozen’ and the ‘thawed’ 
observations in the σ0can σ0gr space. Observations during the snowmelt season 
form a distinct group with notably low values of σ0gr.  

As seen in Figure 13, the F/T detection accuracy is dependent on the soil type, 
and is mostly determined by the ability of the soil to hold water. A visual inter-
pretation of the plots in Figure 13 shows that thaw and frost point clusters were 
further away from each other, and thus better separable, for the Fine Haplic 
Podzol (FHP), Umbric Gleysol (UG) and Coarse Haplic Podzol (CHP) soil types, 
while for the Haplic Arenosol (HA) soil type the separation was harder. HA soil 
is typically very dry due to low water holding capacity and conversely a high 
infiltration rate, and therefore the contrast between frozen and thawed soil is 
low. For the wetter Haplic Podzol and UG soil types, the contrast between frozen 
and thawed observations is higher, and therefore the classification is easier. It 
also appears that the F/T state can be better determined for the finer grained 
FHP than for CHP, because FHP has a larger water holding capacity than its 
coarse grained counterpart. Nevertheless, the linear classification enables a 
clear separation of freeze and thaw conditions for all cases when performed in-
dividually for each soil type, reflected by the low number of false classifications. 
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Higher incidence angle led to slightly better classification accuracy for all soil 
types. 

 

Figure 13. Retrieved median σ0gr and σ0can values, and F/T classification lines for the main soil 
types in the test area. Scenes with incidence angle of 31  - 33  over the test site area are on 
the upper row and 37  - 39  on the lower row. Figure adapted from Publication 3. 

Table 7 shows the achieved accuracy of the F/T detection for the analyzed soil 
types in terms of the total number of observations classified as frost and as thaw, 
the number of false frost and thaw classifications, and the total classification 
accuracy. 

Table 7. Classification accuracy statistics for each soil type and incidence angle, excluding autumn 
and spring uncertain conditions. Table adapted from Publication 3. 

Soil 
type 

Incidence an-
gle 

False 
frost 

Total 
frost 

False 
thaw 

Total 
thaw 

Total accu-
racy 

CHP ~32  2 22 0 12 94 % 
~38  0 26 0 23 100 % 

FHP ~32  0 20 0 14 100 % 
~38  0 26 0 23 100 % 

UG ~32  1 21 0 13 97 % 
~38  0 26 0 23 100 % 

HA ~32  2 21 0 12 94 % 
~38  1 26 1 23 96 % 

 

4.4.3 Soil F/T maps 

Figure 14 shows nine examples of the retrieved F/T state of the soil in a grid cell 
size of 1 x 1 km, for winter 2014-2015. The first six images (a-f) represent the 
freezing period, and the last three images (g-i) are from the melting period. 
White color refers to pixels outside the mapped area, excluded soil types (rocky 
terrain or wetlands) or steep terrain. The images are in a good agreement with 



Results 

47 

the snow/air and soil temperatures derived from the in situ station, shown be-
low the example F/T images. 

 

Figure 14. In the upper part of the figure; examples of the retrieved soil F/T state during freezing 
(a-f) and melting (g-i) periods of winter 2014-2015, at 1 x 1 km pixel size. Red indicates 
thawed and blue frozen soil. Dark green indicates artificial areas and light green water bodies. 
White represents other excluded areas; wetlands, rocky terrain, steep terrain, areas outside 
the mapped area, or grid cells with insufficient number of valid observations. The pixel value 
shows the distance from the classification line, in dB units. The classification lines for each 
soil type are depicted in Figure 13. In the lower part of the figure; soil temperature in 5 cm 
depth and snow/air temperature in 10 cm height measured at one of the in situ stations during 
autumn 2014 and spring 2015 are plotted. Snow temperature is measured when the sensor 
is covered, and air temperature when not covered with snow. The vertical dashed lines show 
the timing of the example SAR acquisitions. Figure adapted from Publication 3. 

During the freezing period represented by images a-f (Figure 14), the soil state 
varied between thawed and frozen. On the 6th of October 2014 (a), the soil was 
mainly thawed, but after colder temperatures during the following days, on the 
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18th of October (b) the soil was mainly frozen. After the 22nd of October, the tem-
peratures rose back to above zero degrees, and the soil was thawed on the 26th 
of October (c). The temperatures then decreased again, causing frozen soil state 
on the 7th of November (d). A short period of warmer temperatures changed the 
soil state, detected as partly thawed on the 11th of November (e). At the end of 
December (f) and onwards, the retrieval detected constantly frozen soil state 
until the melting period, which started approximately in mid-April. The image 
from the 24th of April (g) is a typical example of a retrieval result during the 
melting season with wet snow present on the ground. Dark blue color indicates 
absolutely frozen soil, however, the high pixel values are actually caused by very 
low σ0gr due to the wet snow. On the 13th of May (h), the soil temperature in 5 
cm depth was close to zero, while the air temperature was much warmer. The 
top soil layer (above 5 cm depth) measured by the C-band signal, was therefore 
most likely correctly interpreted by the retrieval as thawed. On the 3rd of June 
(i), both soil and air temperatures were clearly above zero, and the soil state was 
correctly detected as thawed. 



Discussion 

49 

5. Discussion 

In this chapter, the most relevant findings of this thesis are further addressed 
and discussed in light of related previous research and possible future plans. 
Various models simulating the observed signal from natural media have been 
presented in literature, concerning active microwave (Sun & Ranson, 1995; Lin 
& Sarabandi, 1999; Liang, et al., 2005; Liu, et al., 2010), optical (Li, et al., 1995; 
Klein, et al., 1998; Vikhamar & Solberg, 2003; Salminen, et al., 2009; Niemi, et 
al., 2012), and passive microwave (Kruopis, et al., 1999; Pardé, et al., 2005; 
Langlois, et al., 2011) sensor types. Some of these developed models are however 
complex, requiring plenty of ancillary information and heavy computational re-
sources. The aim in this thesis was to develop simple methods with sufficient 
accuracy for near real-time monitoring of wide areas, thus enabling an efficient 
exploitation of the increasing satellite data availability. The presented model 
was able to well estimate the different signal components in boreal forests, and 
was found to be suitable for practical applications, such as soil F/T detection 
and flood mapping. Compared to the optical and the passive microwave models, 
the RMSE between the modelled and the observed values was relatively high in 
the active microwave model, due to larger variation in the observed values. The 
coefficient of determination (r2) between the modelled and observed backscat-
ter was moderate, around 0.4. Yet, the backscatter of the ground surface, which 
is usually the sought parameter in remote sensing applications of the Earth sur-
face in the boreal region, was estimated rather accurately; the deviation between 
the observed and the modelled backscatter was on average 0.3 dB. This is highly 
encouraging, because as an example, the backscatter difference between frozen 
and thawed ground (Figure 12b; Figure 13; Figure 14) (Rignot & Way, 1994; 
Park, et al., 2011; Xu, et al., 2016; Baghdadi, et al., 2018) or between wet snow 
and ground after snowmelt (Koskinen & Hallikainen, 1997; Nagler & Rott, 
2000; Luojus, et al., 2007), is typically over 2 dB. This means that the estimated 
ground backscatter using the relatively simple model is sufficiently accurate for 
common remote sensing application in the boreal region. Stem volume has pre-
viously been used when modelling the effect of forest canopy on the passive 
(Kruopis, et al., 1999; Langlois, et al., 2011) and active (Pulliainen, et al., 1994; 
1999; 2001; Luojus, et al., 2007; 2009; Koskinen, et al., 2010) microwave sig-
nals. This study was the first one to show that canopy closure can be used in-
stead of stem volume as the forest data source, when modeling the passive mi-
crowave frequency signatures, and Publication 1 together with Montomoli et al. 
(2016), were the first ones to demonstrate the same for active microwave data.  
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Previous studies have shown that even the relatively high frequency X-band 
SAR can be used to detect floods under tree canopies (Pulvirenti, et al., 2013; 
Martinis & Rieke, 2015), also in boreal forests (Voormansik, et al., 2014). This 
study was the first one to explicitly specify in which boreal forest conditions re-
garding tree height and density, flood mapping with HH-polarized SAR data is 
indeed feasible. It was found, that if relying only on the backscatter values, flood 
detection was problematic in forests where canopy closure is less than 15-20 % 
or tree height is under 4-5 m. These findings significantly contribute to opera-
tional flood mapping capabilities in boreal environments, because a large por-
tion of areas are forested, including flood prone areas. Ancillary data sources 
such as a DEM, forest data and in situ observations can be used to complement 
the SAR backscatter information for estimating the flood extent in these prob-
lematic zones. Separation of floods from non-flooded areas in SAR-based oper-
ational detection algorithms is usually carried out using threshold methods 
(Brivio, et al., 2002; Matgen, et al., 2007; Martinis, et al., 2009). Previous stud-
ies show that optimal threshold values typically increase in steeper incidence 
angles (Townsend, 2001). Finding the optimal threshold values is a key step in 
flood detection algorithms, and therefore, pre-knowledge on these values can be 
helpful. For example, processing times can be significantly decreased by autom-
atizing the selection of the appropriate threshold values based on pre-
knowledge. When comparing the investigated flood cases of Kittilä, Kolari, 
Pudasjärvi and Evo, a decreasing linear dependency between the retrieved op-
timal threshold values separating floods from non-flooded areas and the inci-
dence angle was found. The test areas represented typical riparian and non-ri-
parian boreal forest environments, however, the presented results are more ap-
plicable for northern to middle-northern boreal forests, as these are covered by 
three test areas with notably different incidence angles. Evo test site was the 
only one representing southern boreal forest conditions, and moreover, it had 
considerably less samples than the other three sites. For more general and ro-
bust assumptions defining problematic canopy closure and tree height zones in 
the southern boreal forests, more test cases are therefore required. 

This study presents a novel approach for detecting the soil F/T state in boreal 
forests using Sentinel-1 single polarization data. The zeroth order model is used 
to overcome the limited penetration of the C-band signal through forest cano-
pies. Methods relying on the lower frequency L-band less sensitive to vegetation 
(Xu, et al., 2016) could be used, however, currently the availability of these data 
is not sufficient for continuous monitoring purposes. Therefore, in addition to 
the scientific novelty of this study, it can be beneficial to community and indus-
try, e.g. in the estimation of terrain trafficability of heavy machinery in forested 
terrain. This study suggests, that when the retrieved canopy backscatter is taken 
into account, in addition to the retrieved ground backscatter, the soil F/T state 
can be better estimated, especially in very cold temperature conditions or during 
the end of the winter. It is obvious that canopy backscatter is not directly af-
fected by the physical properties of the soil, however, backscatter sensitivity to 
e.g. snow properties or the freezing of canopy and bushy vegetation on the 
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ground,  caused mostly by air temperature changes, can indirectly help to deter-
mine whether the soil is frozen or not.  In this study, the retrieved canopy 
backscatter during very cold temperatures of approximately less than -10 C and 
during the end of the winter decreased the likelihood of false thaw classification, 
by compensating a similar or weaker increase in the retrieved ground backscat-
ter. Otherwise, if relying only on the ground backscatter, the estimation accu-
racy of the soil F/T state would have been considerably lower. 

The influence of temperature on the microwave backscattering signal from the 
ground and especially from forest canopies, in sub-zero conditions, has not yet 
been widely covered in the literature. According to previous studies, the nega-
tive correlation between air temperature and backscatter can be caused by the 
increase in snow volume scattering related to snow metamorphism (Naeimi, et 
al., 2012; Bergstedt, et al., 2018), or by the increased snow cover (Eckerstorfer, 
et al., 2017). Even though these assumptions are valid, they do not explain why 
after a cold temperature peak, the backscatter was reduced back to similar val-
ues observed before the cold peaks (Figure 12 f and g). Previous research also 
shows that temperature changes in sub-zero conditions alter the dielectric con-
stant of snow and ice, affecting also the observed backscatter (Evans, 1965; 
Matsuoka, et al., 1996; Matzler, 1998; Fraser, et al., 2016). This study suggests 
that canopy freezing was the main reason causing the negative correlation be-
tween temperature and backscatter. Canopy freezes gradually starting from 
temperatures below -5 C, such that the freezing point is lower for drier canopy 
(Kärkkäinen, 1985). Canopy freezing can explain the steeper relationship be-
tween σ0can and air temperature compared to the relationship between σ0gr and 
air temperature (Figure 12 c and d). Mostly tree canopy, but also bushy vegeta-
tion on the ground, are expected to cause less attenuation of microwave radia-
tion when frozen, increasing the total measured backscatter in colder tempera-
tures. According to a recently published research conducted near Sodankylä, 
Finland, the attenuation caused by forests canopy in microwave signals at 10 – 
37 GHz is considerably reduced in colder temperatures, regardless of the 
amount of snow on the canopy (Li, et al., 2019). The backscatter increase in 
colder temperatures (in sub-zero conditions) observed in this study is therefore 
most probably caused by 1) the freezing of canopy and bushy vegetation, de-
creasing the signal attenuation, as well as by 2) changes in the dielectric con-
stant of ice and snow, decreasing the signal absorption. 

Following the launch of Sentinel-1 satellites (a and b) in recent years, the avail-
ability of C-band data has significantly increased, currently providing nearly 
daily observations over northern Europe. Therefore, the proposed method has 
the potential to enable continuous near real-time monitoring of soil’s F/T state. 
Moreover, it can be assimilated with existing methods relying on passive micro-
wave L-band data (Rautiainen, et al., 2014; 2016; Derksen, et al., 2017), which 
have better temporal resolution and soil penetration depth, but coarser spatial 
resolution. An active-passive combined F/T product, utilizing C-band SAR to 
provide more detailed information regarding e.g. the onset of soil freezing and 
the variability of the soil state both in horizontal and vertical directions, is 
planned to be implemented in the future. 
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6. Summary and conclusions 

The aim of this thesis was to investigate the influence of the forest canopy on 
the remote sensing signal for three different sensor types; SAR, optical and pas-
sive microwave. A simplified zeroth order model was used to simulate the meas-
ured signals over boreal forest environments. The focus was more on SAR meas-
urements, for which the model was also applied in two practical remote sensing 
applications; flood detection and soil frost/thaw (F/T) estimation in boreal for-
ests.  

The applicability of the zeroth order model was first tested by fitting the ob-
servations to the model through optimization of the open parameters. Then, the 
main signal components, such as the ground and the canopy contribution to the 
total measured signal at the sensor, were extracted. A comparison between 
model estimates and observations demonstrated that the zeroth order model 
used can well estimate the extinction properties of electromagnetic signals in 
boreal forest canopy. The method thus allows to single out the sought signal 
component, typically the contribution of the ground beneath the canopy, from 
the other contributing factors. Compared to more complex analytical models, 
the presented model requires less ancillary data, and is therefore optimal for 
Earth observation applications covering wide areas. Furthermore, a single pa-
rameter or proxy value (either canopy closure or stem volume) describing the 
forest properties was shown to provide the necessary correlation with the ob-
served signal for fitting the models to the observations. This also implies that 
forest canopy effects can be sufficiently accounted in retrieval algorithms even 
if multiple scattering effects are ignored. Also, simulation of canopy effects can 
be done with ancillary data already available or with data retrieved relatively 
easily from other remote sensing sources. The results are therefore highly rele-
vant concerning practical applications for the retrieval of geophysical parame-
ters from Earth observation satellites in northern forested regions. 

As said, the model was applied in two practical applications using active mi-
crowave data; flood detection and soil F/T state estimation in boreal forests.  
Spring floods were detected with Cosmo Sky-Med HH-polarized SAR data in 
four different study areas across Finland, using a relatively simple threshold 
based algorithm built for open and forested terrain. The effect of varying forest 
properties in terms of canopy closure and tree height on the capability of the 
algorithm to recognize floods was assessed by utilizing high accuracy and reso-
lution LiDAR based forest and ground elevation data. Reference flood areas 
were derived by combining the backscatter image with a high resolution DEM 
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and in situ observations collected during the flood events. Floods were recog-
nized over open areas due to lower backscatter, and in forests due to higher 
backscatter, compared to the backscatter of non-flooded areas. However, flood 
detection was more difficult in semi-forested areas containing sparsely distrib-
uted or low trees. If tree height was below 4-5 m the tree trunks were too short 
and narrow to produce strong double bounce scattering with the flood surface, 
and if canopy closure was under 15-20 %, the number of tree trunks forming the 
double bounce scattering was not sufficient. This information is important re-
garding automatic or semi-automatic flood detection methods, because other 
available data such as a high resolution DEM and water level in situ measure-
ments can be used to complement the SAR images and to gain better flood esti-
mation accuracy in these problematic forest conditions. The forward model al-
lowed to estimate the contributions of the surface scattering, double bounce 
scattering between flood surface and tree trunks, and canopy volume scattering. 

The zeroth order model was also applied for Sentinel-1 C-band SAR data to 
estimate the ground and the canopy backscatter contributions. The observed 
and the retrieved backscatter values were analyzed against forest and air tem-
perature data. The retrieved ground and canopy backscatter were then classified 
to observations representing freeze, thaw or uncertain conditions, using the in 
situ observations, and a line separating the freeze and thaw observations was 
calculated by a linear 2-d classification algorithm. Frozen and thawed ground 
under boreal forest canopy were detected for a variety of soil types present in 
the test area. The ability to separate frozen and thawed soil was considerably 
improved when taking into consideration the retrieved canopy backscatter σ0can 
in addition to the ground backscatter σ0gr, mainly in the following two cases: 1) 
An increase in σ0can during colder winter temperatures, mainly caused by canopy 
freezing, but also by changes in the dielectric constant of ice and snow, helped 
compensating a similar but smaller increase in σ0gr. 2) Due to snow metamor-
phosis during the end of the winter, stronger snow backscatter caused an in-
crease in σ0can, which compensated a similar increase in σ0gr. An attempt to use 
solely σ0gr as an input to the F/T classification in these both cases would have 
increased the likelihood of false thaw detection. Water holding capacity was the 
most relevant feature of soil affecting the accuracy of the soil F/T classification. 
F/T detection for the wetter Fine Haplic Podzol (FHP), Umbric Gleysol (UG) 
and Coarse Haplic Podzol (CHP) soil types was more successful than for the 
drier Haplic Arenosol (HA), due to the higher contrast between the backscatter 
of frozen and thawed terrain. Higher incidence angle provided slightly better 
classification results for all investigated soil types. FHP soil as well as UG and 
CHP soil at incidence angles of ~38  were classified with the highest accuracy of 
100 %, while HA and CHP soil at ~32  incidence angle were classified with the 
lowest accuracy of 94 %. 

A large portion of the boreal region is covered by forests, posing a challenge to 
satellite based mapping. This study shows, from theory to a practical level, that 
the zeroth order model used was able to simulate the remote sensing observa-
tions over boreal forest environments, thus enabling the extraction of different 
contributions to the total observed signal, such as the ground and the canopy 
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signal contributions. This study therefore increases the understanding on how 
forests influence the remote sensing observations and provides tools for exploit-
ing satellite observation for the mapping and monitoring of common geophysi-
cal phenomena taking place in the boreal forest region. In particular, the find-
ings and the developed methods in this work are important for successful flood 
mapping in open and forested areas, and they improve the monitoring capabil-
ities of the soil F/T state.
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