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ABSTRACT 

 

Estimation of biomass has high importance for economic, ecologic and climatic reasons due to the 
multiple ecosystem services offered by forested landscapes. Measurements taken in the field incur 
personnel and economic costs. Nevertheless, biomass surveying based on remote sensing techniques offer 
efficiency thanks to covering large areas. The European Space Agency (ESA) Sentinel-1 satellite offers 
promising capabilities for above-ground biomass (AGB) estimation through synthetic aperture radar 
(SAR) based microwave remote sensing. In this study, experimental AGB estimations based on Sentinel-
1 C-band data were produced over the Remingstorp estate (Västergötland County, Sweden) in order to 
analyze its performance over boreal productive forests. The obtained measurements were compared 
against reference values obtained by combining photogrammetric, aerial laser scanning (ALS) and field 
measurements. Thus, a reference high-resolution canopy height model (CHM) was produced from the 
difference between photogrammetric digital surface model (DSM) values and ALS digital terrain model 
(DTM) values. The comparison of CHM observations against diameter at breast height (DBH) field 
measurements revealed the existence of a vegetation height - vegetation volume relationship for the study 
species (Pinus Sylvestris and Picea Abbies), which allowed bole volume estimation based on vegetation 
height values. SAR-based AGB estimates were produced by defining statistical relationships between 
backscatter intensity and interferometric coherence measurements against reference CHM values. 
Additionally, evaluation of biomass estimation through interferometric (InSAR) height was possible by 
comparing against reference photogrammetric DSM. Backscatter signal saturation of C-band at low 
biomass volumes prevented quantification of biomass but permitted differentiation between forested and 
non-forested surfaces. Estimation of AGB through interferometric coherence was possible through 
modeling volumetric decorrelation, which on the contrary prevented biomass retrieval from InSAR 
height. Due to the given frequency properties at C-band, HV cross-polarized channel was used in all cases 
for a better detection of the canopy layer. Image acquisition under stable conditions was a priority in order 
to avoid noise derived from variable dielectric properties, acquisition geometry effects and temporal 
decorrelation. Hence, image acquisitions under stable hydrometeorological conditions (i. e. stable frozen 
or dry) and for the lowest repeat-pass interval (i. e. 6-days) were prioritized.  

 

 

 

 

 

 

 

 

 

Cover image: True color image acquired by drone over the Remningstorp estate (August 2016). Courtesy 
of the Swedish University of Agricultural Sciences (SLU).  
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1 Introduction and technical background 
 

1.1 Introduction 

Ecosystem services offered by forests are not only numerous, but also diverse. Forested areas suppose the 
largest carbon pool over land as well as an important carbon sink, being determinant for the global carbon 
cycle (Houghton et al., 2009). Forested ecosystems are essential for many different species, housing 
around 80% of the global biodiversity (Lähtinen et al., 2016) and taking part in the water cycle by 
preventing soil erosion and filtration. Additionally, forests represent an important economic factor by 
benefitting more than 25% of the global population directly (FAO, 2019) and experiencing an increasing 
demand in agroforestry products.  

Forest above-ground biomass (AGB) constitutes the main parameter for quantifying many of the 
previously mentioned ecosystem services.  Spaceborne remote sensing offers an increasing amount of 
observations of the Earth. Together with a major sophistication of the sensors in terms of spatial and 
temporal resolution, spaceborne remote sensing become an effective and accurate way for measuring 
forest resources (1Santoro et al., 2018). Remote sensing techniques can also contribute filling spatial, 
attributional and temporal gaps in forest inventory data, allowing the detection of unknown regions where 
ground measurements are not possible due to different circumstances. Furthermore, retrospective analysis 
is also possible due to the existence of archived data (DLR, 2017).  

Several remote sensing techniques can be applied for forest mapping. Spaceborne optical methods have 
been long used for this task, but its sensitivity to atmospheric dynamics supposes an important limiting 
factor, especially in areas with persistent cloud coverage (Fricker et al., 2015). Spaceborne laser scanning 
suffers unresolved resolution, coverage and technology limitations (ESA, 2010). However, airborne laser 
scanning (ALS) is considered as the most accurate remote sensing method for forest mapping (Næsset et 
al., 2011). 

Synthetic Aperture Radar (SAR) imaging is not impeded by cloud cover or lack of illumination since it is 
an active sensor measuring its own emitted pulses. The wavelengths used can operate over targeted 
surfaces under any cloud layer, weather and illumination conditions. Sentinel-1 offers repeated wide area 
monitoring through its C-band imagining operation in four exclusive imaging modes and coverage. Dual 
polarization acquisition mode it is also possible by combining different wave emission and reception 
(ESA, 2019). 

High-resolution forest mapping and definition of other forest parameters (i. e. forest height and canopy 
density) based on spaceborne remote sensing products, can aid forest degradation detection, a better 
natural disaster management and efficient and sustainable management in commercial forestry. However, 
as any other estimation based on remotely sensed data, biomass estimation based on SAR data is strongly 
determined by the acquisition parameters determined by sensor and target characteristics. Thus, these 
parameters will have to be considered when considering the results (Soja et al., 2014). 

 

1.2 Thesis scope and aim 

The aim of this thesis is to produce and evaluate experimental results from SAR- based biomass 
estimation methods by using ESA Sentinel-1 data. Thus, parametric analyses have been produced for 
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backscatter analysis, interferometric coherence and indirect biomass estimation through interferometric 
height for the same testing site. The aim has been to use explanatory analysis to compare the different 
SAR measurements with reference field data, Aerial Laser Scanning (ALS) and photogrammetric 
measurements. 

Boreal productive forests present controlled conditions that normally lead to homogeneous patches of 
vegetation. Due to forest management for production purposes, homogeneous growing conditions are 
given at a stand scale, being at the same time very convenient for the evaluation of SAR measurements. 
Sentinel-1 C-band (5.6 cm) radar pulses will interact with bodies of the same size or bigger than the 
wavelength. Therefore, data processing and the execution biomass estimation techniques has been taking 
place assuming that most of the radar beam interactions would take place at a canopy level.  

Hereby, the project it is structured in five principal parts: (1) a first one presenting the test site and the 
used datasets, (2) a second part treating biomass retrieval from ALS data, (3) a third part handles biomass 
retrieval from SAR data, (4) a fourth part presenting the experimental results and (5) finally the 
discussion emerged from the comparison of ALS and field biomass measurements against biomass 
estimations from Sentinel-1 data. 

 

1.3 Approach to microwave scattering mechanisms in boreal productive forests 

The study of forests through SAR imagery is based on the understanding of the interactions of the emitted 
electromagnetic waves with the targeted vegetation. Hence, defining the influence of geo- and biophysical 
disturbances in the measurements will define the significance of the results. Accurate modeling is 
possible by solving Maxwell’s equations by means of computational electromagnetics applied on discrete 
forest models (Soja, 2014). Nevertheless, scattering coefficients need to be examined for every specific 
case, which causes enormous computational costs. Therefore, usefulness overcomes accuracy when a 
model is to be used to explain the cause of specific effects observed in the experimental data. Hence, 
complicated discrete forest elements can be replaced by simple generalized objects and statistical 
relationships (Soja, 2013). 

Typically, SAR forest models are understood in three different levels: ground surface, tree trunks and tree 
canopies. Each of these levels will determine backscatter individually or in combination with other 
elements (Soja et al., 2015). The most common wave reflection mechanisms in biomass estimation are 
single bouncing, multiple scattering and double bouncing (Fig.1). Single bouncing (case A), also known 
as direct scattering, occurs when a wave reflects only one single target before returning to the sensor. This 
phenomenon takes place if the emitted wave hits a target with a similar orientation to its emission. Double 
bouncing (case C) takes place if the wave reflects two surfaces before returning the sensor, a common 
situation in urban areas between pavements and walls or also given in forests between ground and tree or 
trunks and twigs. On the contrary, if the emitted wave experiences more than two bounces the wave 
interaction it is considered as multiple scattering (case B), typically between trunks, branches and twigs in 
surfaces covered by dense forest canopies (Mette et al., 2002).   



 

Figure 1: B
double bo

Conside
interacti
canopies
double-b
between

Backsca
dependin
dependin
elements
penetrat
typically
C- band
Height M
band is 
branches

Indepen
the geom
measure
pixels w
cause a 
will com
forest co
dielectri
Global, 

Polariza
contribu
vegetatio
depolari

Basic scattering
ouncing. Courtes

ering the bas
ions found i
s, (2) direct 
bounce intera
n the ground 

atter mechani
ng on the fre
ng on the wa
s having di
ion into the 
y higher in lo
ds) are more 
Models (CHM
attributed to
s, P-band int

dently to fre
metry of the

ement geome
with respect 

larger pathle
me determine
omponents a
ic properties 
2019). 

ation, the plan
ution from A
on compone
izing effect, 

g mechanisms o
sy of the Germa

ic scattering
in boreal for

backscatter
actions betw
surface and t

isms will be 
equency, the 
avelength an
mension of 
 canopies an
ower-frequen
effective wh
M) possible 

o leaves and 
teracts mainl

quency and p
e measurem
etry is determ
to the size a
ength throug
ed by the vol
and the und
will affect b

ne in which 
AGB due to t

nts and back
meaning th

over forested ar
an Aerospace C

g mechanism
rested enviro
r from tree 

ween the grou
tree trunks a

strongly det
interaction o

nd of differen
the order o

nd vice vers
ncy-bands (i.
hen detecting
(Jones and V
twigs, C-ban

ly with branc

polarization 
ments, the fo
mined by the
and the orien
gh the canop
lume and the
derlying surf
backscatter de

radar signals
the propagat
kscatter acco
hat electrom

3 

reas where A re
Center (DLR). 

ms and the co
onments wil
trunks, (3) d
und surface a
and (6) multip

termined by 
of the emitte
nt vegetation
of the wave
sa. Hence, th
. e. P-, L- ban
g the top of 
Vaughan, 20
nd is more s
ches and trun

mode, sensit
orest structur
e incidence a
ntation of gr
ies lowering

e density of t
face conditio
epending on 

s are propag
tion of the w
rding to the 

magnetic wav

Int

epresents single

onditions giv
ll comprehen
direct backs
and tree cano
ple scattering

the wavelen
ed microwav
n types. The 
elength. The
he correlatio
nds). Alterna

f the canopie
010). Hence,
sensitive to l
nks and VHF

tivity of rada
ral paramete
angle and th
round plots.

g attenuation 
the trees per 
ons, such as
vegetation w

ated, suppos
waves in cert

size and orie
ves can chan

troduction a

e bouncing, B m

ven in borea
nd; (1) dire

scatter from 
opies, (5) do
g (Soja, 2014

ngth of the em
es will behav
main scatter

e longer the
on of backsc
atively, short
s, making th
, main backs
eaves and sm

F-band trunks

ar backscatte
ers and the 
he location a
 Hence, high
effects. For
resolution c

s roughness, 
water content

ses a key cha
tain ways. Po
entation of s
nge when s

nd technical

multiple scatteri

l forests, the
ct backscatt
the ground 

ouble-bounce
4). 

mitted freque
ve in one wa
rs in the cano
e wavelengt
catter with b
ter-waveleng
he production
scatter contri
mall branche
s (Le Toan, 2

er to AGB wi
dielectric co

and the size o
her incidenc

rest structura
ell, the orien
moisture or

t or wood de

aracteristic o
olarizations 
scatters. Veg
scattering fro

l background

 

ing and C 

e basic wave
er from tree
surface, (4)

e interactions

encies. Thus
ay or another
opies are the
h, the more
biomass it is
gths (i. e. X-
n of Canopy
ibution at X-
es, L-band to
2014). 

ill depend on
onstant. The
of the image
ce angle will
al parameters
ntation of the
r slope. The

ensity (Servir

f backscatter
interact with
etation has a
om a target

d 

e 
e 
) 
s 

, 
r 
e 
e 
s 
, 

y 
-
o 

n 
e 
e 
l 
s 
e 
e 
r 

r 
h 
a 
. 



Introduction and technical background 

4 
 

Hence, measuring backscatter in different polarizations, it is possible to determine vegetation according to 
structure depending on the averaged reflection (Servir Global, 2019). 

Some generalized limitations in above-ground biomass retrieval from SAR data must be considered 
according to the aforementioned SAR data principles and microwave scattering mechanisms. Topography 
presents major disturbances in backscattering measurements, especially in mountainous or rugged 
regions, susceptible to be affecting backscattering intensities attributed to AGB. Also, backscatter 
presents saturation in vegetated areas, especially in dense forests with complex stand structures. Because 
of these limitations, biomass estimation through SAR it is still in experimental stages limiting its accuracy 
to certain constraints. Nevertheless, these impediments can be limited depending on how SAR biomass 
retrieval is executed according to processing and analysis of the SAR measurements. Thus, the main 
methods of AGB can estimation are regressive methods, comprehending backscatter and Interferometric 
analysis, and indirect methods, considering conversion from height as an estimated forest parameter 
(Ghashemi et al., 2018). 

 

1.4 Approach to SAR‐based remote sensing of forested surfaces 

This section presents different detection mechanisms for AGB retrieval from SAR data. Different 
procedures can be carried out depending on the interactions of the emitted waves against the targets of 
interest. Thus, the sensor characteristics, such as wavelength of the emitted pulses, revisit times and 
acquisition modes will lead to different methods. In all cases, biomass estimation from SAR data consist 
on the establishment of a relationship between backscatter intensity and known forest parameters 
describing AGB. Once the relationship is established, the model can be inverted in sites with similar 
conditions. SAR sensitivity to forest AGB it is based on the relationship between AGB and vegetation 
volume. Hence, biomass retrieval based on SAR data is based on vegetation volume detection (Askne et 
al., 1997).  

 

1.4.1 Detection from backscatter intensity measurements 

 Biomass retrieval from SAR backscatter intensity is based on the detection of forest volume by an 
empirical relationship. As the number of scatters increase within a resolution cell, so does the reflected 
intensity (Servir Global, 2019). Nevertheless, this is moderated by electromagnetic losses through 
abortion and volume scattering, known as attenuation, produced in vegetated environments (ESA, 2019).  
This effect is directly related with the biomass saturation effect. The different polarization modes and 
frequencies will determine backscatter intensity, since different interactions of the emitted pulses will be 
given against the targeted surfaces. 

Backscatter intensity is a measure referring to the power reflected back to the sensor from a specific 
target. After processing the power of the backscattered pulses in order to georeference them into ground 
coordinates and perform aperture synthesis, the values are transformed either to Digital Number (𝐷𝑁) 
values, or to 𝜎 values in terms of calibrated radar backscatter power. 𝜎 offer values where radar power 
returns are corrected for gains that are internal to the radar system and processing chain making all 
measurements proportional to the transmitted power, whereas 𝐷𝑁 do not (Servir Global, 2019). Thus, 𝜎  
values are calibrated in terms of the coordinate system, being adequate for carry out AGB measurements. 
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Nevertheless, this method remains very determined by the backscatter saturation problem. If signal 
saturation happens, SAR response levels offs and AGB is no longer predictable. At the same time, the 
saturation problem is directly conditioned by the wavelength frequency, the polarization, the target 
characteristics and the availability of multitemporal images. Short wavelengths (i. e. X- and C-band) 
saturate at low density of biomass, and forests can only be differentiated from other biomes if very stable 
conditions are given. On the other hand, long wavelengths (i. e. L- and P-band) signal saturation is more 
depend to forest type (Woodhouse, 2006; Ghasemi et al., 2018). Combinations of long- and short- wave 
bands are considered to offer better results than individually (Quinones et al., 2004). Regarding 
polarization, generally co-polarized channels are more sensitive to ground surface, whereas cross-
polarized waves are less influenced by the surface because of originating backscatter at the canopy layer 
(Ghasemi et al., 2018; Balzter et al., 2002).  

 

1.4.2 Detection from InSAR measurements 

Following a similar principle to biomass retrieval from backscatter analysis, interferometric SAR 
(InSAR) coherence and phase also contain vegetation volume information. Interferometric coherence is 
the result of the correlation between two complex SAR images. Interferometric phase contains the 
superposition of several effects, being the most important the geometric distance between the antenna and 
a resolution element at the earth's surface (ESA, 2019). Interferometric coherence indicates the similarity 
between two images, determining the quality of the phase measurements.  Coherence can be reduced by 
temporal decorrelation, geometric decorrelation, atmospheric interference and noise in the images. 
Temporal decorrelation can be caused by seasonality effects over vegetated areas, precipitation and 
moisture changes. Atmospheric effects can affect the results by ionospheric interference. Finally, spatial 
decorrelation can be caused by baseline variability (Askne et al., 1997; 2Santoro et al., 2018). 

SAR interferometry acquires the phase from two SAR acquisitions over a same scene (Bamler et al., 
1998). The phase of a detected wave can be directly linked to the complete path that the wave travelled, 
from the original source to the detector (Woodhouse, 2006). Across-track interferometry (XTI) and along- 
track interferometry (ATI) are the main types of interferometry. Main differences are found in image 
acquisition. Where XTI uses two images acquired at same time but at slightly different incidence angles, 
in ATI two images acquired at different times but in the same geometry are used. On the one hand, XTI 
determines scattering phase difference along space in order to estimate scattering phase center elevation, 
being height measurement the most common application. On the other hand, ATI uses phase difference 
along time in order to estimate changes on scattering phase center elevation between acquisitions, being 
adequate for radial velocity estimations (Soja, 2014). Coherence supposes the main interferometric 
observable. For two co-registered SAR images S1

PQ and S2
PQ it is defined as: 

 

 
𝛾

𝐸 𝑆 𝑆 ∗

𝐸 𝑆 𝐸 𝑆
 

(Eq.1) 

 

Where 𝛾 is coherence, the tilde sign denotes complex values, and the star indicates the complex 
conjugate, so that the sign of the imaginary part is changed. E[x] indicates the expectation value for x 
(Woodhouse, 2006; Touzi et al., 1999). Coherence is a real valued quantity between 0 and 1 from a lower 
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Δℎ

1
𝑘

Δ𝜙  
(Eq. 4)

 

where the elevation of the scattering center above the reference height model can be estimated from the 
flattened and unwrapped phase difference (Δ𝜙 ). 

In contrast with the backscatter saturation problem, interferometric coherence can also be used for 
retrieving biomass. However, where backscatter intensity analysis bases an empirical relationship 
between backscatter intensity and height, the empirical relationship for biomass retrieval from coherence 
it is established between coherence values and stem volume. Zero-baseline interferometry denominates 
orbital repeat that minimizes the orbital distance between repeat-orbits. In such cases, the contribution of 
the volumetric decorrelation (𝛾 ) to the total correlation is insignificant (Woodhouse, 2006).  

Thus, an interferometric correlation to height is through the temporal decorrelation signature, assuming a 
statistical-empirical relationship where high biomass situations will lead to low coherence values, 
whereas high coherence values will suppose lower biomass values. The important aspect here is the 
stability of the targets causing the major part of the coherent backscatter (i. e.  branches in the upper part 
of the canopy for short wavelengths). The wind is mostly affecting the top of the trees in dense forested 
areas, the lower part of the stems is barely affected. The decorrelation can be modelled as a function 
increasing from the top downwards when considering temporal decorrelation in the vegetation layer and 
the transmissivity of the wave. In order to obtain coherence in the repeat pass case, the stability must be 
rather high. The importance of the different targets within a resolution cell is weighted by the strength of 
the backscatter. If we only consider the strong scatterers, the phase variations introduce a coherence 
decrease (Askne et al., 1997). 

 

1.4.3 Indirect retrieval methods 

Biomass can be estimated indirectly from SAR data by estimation other vegetation and estimating 
biomass afterwards. Forest height it is closely related to amount of biomass. Because of that, forest 
biomass can be retrieved applying a conversion model to the estimated forest height (Muukkonen, 2007). 
Nevertheless, in this case total error in biomass estimation will cumulate both the errors in height 
extraction and errors in height-biomass retrieval (Askne et al., 1997).  

Height can be obtained through model-based inversion of InSAR, Polarimetric or PolarimetricInSAR 
(PolInSAR) height estimates. The main differences between InSAR and Polarimetric methods are that 
interferometric height it is estimated by using same polarizations with different sensor locations. On the 
other hand, polarimetric height uses different polarizations but the same sensor position. If both methods 
are combined, PolInSAR height estimations can be obtained. PolInSAR can differentiate between 
backscatter from vegetation (𝜎 ) and backscatter from ground (𝜎 ) (1Santoro et al., 2018). 

Once having extracted height, biomass retrieval can take place. Allometric models are the most common 
biomass estimation method. The resulting estimations are given as biomass volume or basal area. 
Biomass retrieval is based on tree height measurements, tree diameter at breast height (DBH) 
measurements, or both depending on the used model. Yield values are also necessary in order to consider 
the allometric height-biomass relation. Hence, yield volumes contain tree species or stand parameters 
such as DBH, height number of trees and basal area. These values are determined according to site 
conditions and the age of the targets. However, some constraints regarding this type of modeling must be 
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considered. Mathematically, height (h), diameter and breast height (DBH) and biomass amount are 
interrelated. This assumes that biologically the growth rates affecting allometric parameters maintain 
constant relations. Nevertheless, variations will be caused in a certain scale depending on a specific site 
condition such as meteorology and soil conditions (ESA, 2010; Santoro et al., 2007).  

The combination of multi-temporal single estimates determined by 𝜎  and 𝜎  contrast will produce a 
final estimate. By combining multi-temporal measurements, the influence of possible errors in individual 
images is reduced by obtaining a final estimate based on measurements of a certain time period allowing 
the definition of different biomass levels (ESA, 2010; Santoro et al., 2007). 

   



Test site and datasets 

9 
 

2 Test site and datasets 
 

2.1 Test site description 

The study was carried out in the Remningstorp estate (58◦ 28’ N, 13◦ 38’ E) in Västergötland County, 
Sweden. The property, managed by the Forestry Society’s Estate Management Company 
(Skogssällskapet), covers a total surface of about 1,500 ha including land and water surfaces. About 1,200 
ha are covered by productive boreal (hemiboreal) forest divided over 300 stands. The dominant species 
are Norway Spruce (Picea Abbies), Scots Pine (Pinus sylvestris) and Birch (Betula spp.) with an annual 
growth yield of about 9 m3ha-1year-1. Oak (Quercus robur) and beech (Fagus sylvatica) dominate in a 
minority of stands (ESA, 2010). The dominant soil type is till (i.e. a mixture of glacial debris) covered by 
a field vegetation layer composed by blueberry (Vaccinium myrtillus) and narrow thinned grass 
(Deschampsia flexuosa). In denser old spruce stands the vegetation field layer is inexistent (ADVSAR, 
2016).  The range of stem volume conditions are up to a maximum of about 620 m3/ha at stand level 
(Skogssällskapet). The topography of the site it is quite flat, with ground slopes at stand level lower than 
5◦ (Soja, 2014). The ground elevation varies moderately between 120-145 m above sea level.  Several 
ESA-funded campaigns and the Biomass feasibility study have been taking place in Remningstorp (ESA, 
2010). 

 

Figure 3: The study site is attended by the Remningstorp estate (Västergötland County, Sweden). A layer showing the forested 
areas comprehended in the Swedish national topographic map is overlaid to a color infrared (CIR) aerial ortophoto referring to 
the study scene. Additionally, the pine and spruce testing stands are also shown. 

Only forested areas (i. e. 6,425ha) were considered during biomass retrieval. Fig.3 shows the selected 
training areas from the National Forestry Map overlaid on the National Topographic Map (3Läntmateriet, 
2019). Within the study area a training dataset of forest stands was selected in order to focus stem volume 
analysis on them. The selected stands, summing a total of 16 units, are also presented in Fig.3. The stands 
were delineated for this study in order to obtain patches of different sizes containing dense forest in 
different growth states. Thus, 9 stands of Norway Spruce and 7 stands of Scots Pine were delineated 
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following the stratum maps per species produced during the BioSAR campaign (ESA, 2010). Digital 
Globe imagery, a color infra-red (CIR) ortophoto provided by Läntmäteriet and a DSM of the study area 
referring to the study area during January 2016, were also used in the delimitation of the regions of 
interest.  

 

2.2 SAR datasets 

Meteorological and sensor parameters affect SAR backscatter measurements due to variations in surface 
conditions and image geometry. In this section these variables are presented. Two datasets of Sentinel-1 
Single Look Complex (SLC) images were acquired every six days during two independent periods: 
between December 2017 and January 2018 (i. e. winter season) and between June and July 2018 (i. e. 
summer season). In both study periods, 6 images were acquired resulting in 5 interferograms from time-
sequential pairs of images. The test area was imaged along six different satellite tracks (3 ascending orbits 
and 3 descending orbits). Nevertheless, only one of the ascending orbits was considered for all cases 
providing a complete and well-centered situation of the study area. 

Image selection was carried out following guidelines in Santoro et al. (2018), basing the selection criteria 
primarily on surface and atmospheric conditions (i. e. based on meteorological data), and the sensor’s 
acquisition mode and coverage of the study area. Thus, images with reduced disturbances caused by 
hydrometeorological, dielectric and geometric effects were aimed resulting in high-coherence values 
(Table 1). 

Table 1: List of Sentinel‐1 images and given meteorological conditions for each acquisition. Snow depth was also considered for 

the winter period, but any relevant values that could affect the acquisitions were given. Meteorological data was obtained from 

SMHI. 

Acquisition 
date 

Relative 
Orbit 

Acquisition 
mode 

Product  Daily mean air 
temperature 
℃  

Precipitation 
amount 
(mm) 

Wind 
speed 
(m/s) 

23‐12‐2017  73  IW  SLC  4.45  0.3  8.6 
29‐12‐2017  73  IW  SLC  1.35  0  5.8 
04‐01‐2018  73  IW  SLC  0.95  4.8  0.7 
10‐01‐2018  73  IW  SLC  ‐1.4  0  3.9 
16‐01‐2018  73  IW  SLC  0.8  4.1  4.1 
22‐01‐2018  73  IW  SLC  ‐6.6  0  0.8 
27‐06‐2018  73  IW  SLC  21.7  0  0.9 
03‐07‐2018  73  IW  SLC  18.9  0  2 
09‐07‐2018  73  IW  SLC  19.6  0  1.6 
15‐07‐2018  73  IW  SLC  19.9  0  3.2 
21‐07‐2018  73  IW  SLC  19.65  0  3.1 
27‐07‐2018  73  IW  SLC  24.25  0  3.5 

 

The dataset consisted in a total of 12 Sentinel-1 images provided by the European Spatial Agency (ESA). 
The images consisted on Single Look Complex (SLC) dual polarized products acquired in Interferometric 
Wide (IW) swath mode. The SLC products were processed by ESA from raw format by Doppler Centroid 
(DC) estimation and focusing. This would preserve phase information in complex samples by including a 
single look in each dimension using the full transmit signal bandwidth (ESA, 2019). 
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Single Look Complex products are images in the slant range by azimuth ranging plane of the satellite 
acquisition. SLC images contain both amplitude and phase information. Thus, its processing supposes a 
single look for each dimension using the full available signal bandwidth. Geo-referencing takes place 
using orbit and attitude data from the satellite platform. These products are produced in zero-Doppler 
geometry (ESA, 2019).  

IW SLC products contain one image per sub-swath and per polarization channel. At the same time, each 
sub-swath is formed by several bursts independently processed. Each complex burst is included in a 
single swath with azimuth-time order separated by a black demarcation. Unlike other imaging techniques 
where the natural pixel spacing is sampled, in this case the images in all bursts are re-sampled to a 
common pixel spacing grid in range and azimuth. This eliminates the necessity of interpolation in case 
different independent bursts are merged (ESA, 2019). 

 

2.3 Ancillary data 

Meteorological data was considered in image selection. Air temperature, precipitation, wind speed and 
wind direction data was provided by the Swedish Meteorological and Hydrographical Institute (SMHI, 
2019). Temperature and precipitation values were obtained from the Remningstorp station (station nr. 
83,280), located in the very study area. Wind data was acquired from the Hällum A station (station nr. 
83,190), approximately 23km west of the study area. Daily minimum and maximum air temperature 
values measured 2m above ground were processed in order to obtain daily mean temperature values. 
Regarding precipitation data, the values were registered once-per-day from a 2m above-ground 
measurement. Wind data values were registered hourly, measured 10m above-ground (SMHI, 2019).  

An external DEM was used during interferometric processing as well as for later analysis. The DEM, 
provided by the Swedish Mapping, Cadastral and Mapping authority (Lantmäteriet), was produced from 
LIDAR measurements. After being classified and processed, the ground points are presented in form of a 
grid (i. e. raster) 2m resolution referring to terrain height. Therefore, this dataset it is referred as Digital 
Terrain Model (DTM) from now on.  The reference systems are SWEREFF 99 TM in plane and RH 200 
in height (2Lantmäteriet, 2019). 

 

2.4 InSAR Data consistency 

Image acquisition in dry and stable conditions was a priority for both study times. Thus, periods with no, 
or very low precipitation, and high mean temperatures in summer (i. e. around 21℃) and low mean 
temperatures in winter (i. e. around 0℃) temperature conditions were considered aiming for stable 
hydrometeorological conditions. At the same time, the study periods should present low wind-speed 
values in order to avoid big variations in coherence (Table 1). 

Fig.4 presents cross-correlated data regarding estimated perpendicular baseline values and mean 
temperature values registered during acquisition pairs of images conforming interferometric pairs. Critical 
baseline was defined according to Goldstein et al. (1988) resulting in approximately 5km for the Sentinel-
1 mission. However, the larger the baselines the lower the coherences, which would affect the quality of 
the interferograms due to spatial decorrelation caused by orbit drift (Santoro et al., 2018). 
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would be assumed to reproduce mean DBH values at a stand level. Reference points of relevance across 
the scene were also visited. Hence, the power line crossing the scene from SW to NE and some of the 
fields of major dimensions at the western parts of the scene (Fig.3), were also visited in order to evaluate 
its dimensions and physical conditions in situ.  

Table 2: Averaged diameter at breast height (DBH) field measurements taken for the selected pine and spruce stands. A total of 
84 samples were collected along 4 pine stands and 5 spruce stands. Even if an approximate separation of 2m was given between 
each sample, GPS positioning errors leaded to sample clustering in some cases. 

Plot ID  Mean DBH 
(cm) 

Number of 
samples 

Plot ID  Mean DBH 
(cm) 

Number of 
samples 

Pine 1  79  12  Spruce 1  90  11 
Pine 2  114  8  spruce 2  133  6 
Pine 3  79  11  Spruce 3  130  9 
Pine 4  103  10  Spruce 4  91  7 
      Spruce 5  121  10 
           
Total  94  41  Total  112  43 
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3 AGB estimation from photogrammetric and ALS measurements 

The accuracy of LIDAR DTM and photogrammetric DSM datasets made possible the production of a 
reference CHM dataset complementing the field data by giving coverage at a scene level. This would 
permit biomass retrieval based on SAR data. This section describes the generation of a high-resolution 
CHM and biomass estimation based on photogrammetric and LIDAR height data.  

 

3.1 Photogrammetric and ALS height measurements 

Airborne laser scanning is a common method for generating high-resolution DEMs. The method has been 
used in a variety of different applications including forest inventories and AGB estimations with precision 
for boreal environments (Kaasalainen et al, 2015; Korhonen et al, 2010). A laser pulse hitting the forest 
canopy can produce one or more returns depending on the characteristics of the target. The roughness and 
the density of canopy surfaces can result in the detection of other tree elements such as trunk, branches or 
the ground. However, the first returns are related as a result of canopy reflection (DSM), whereas the last 
returns, are assumed to come from the ground (DTM). Canopy enclosure, depth, and structure complexity 
will determine the scattering or absorption of the emitted laser beams complicating the point classification 
process (Kaasalainen, et al 2015). 

Where ALS can distinguish between different surface heights enabling users to describe vegetation height 
and density, digital surface data produced from photogrammetric data describe exclusively what can be 
observed from the air. Its elaboration consists on aerial image matching in order to extract height values 
from photogrammetric procedures. The dataset, consisting of a layer of elevation-based points (2.5D 
model), supposes a convenient source for measuring forest height (1Lantmäteriet, 2019). 

In order to optimize the production of a reference CHM, surface height values were determined from a 
DSM produced from aerial CIR photographs provided by the Swedish mapping, cadastral and land 
registration authority. This simplified top of the canopy detection avoiding ALS point-cloud 
classification. The point dataset referring to height values was interpolated by using ENVI LIDAR 
software in order to produce 1m resolution grid dataset. SWEREFF 99 TM was the specified output 
projection (Harris Geospatial, 2019). The DTM was considered through the 2m resolution national DEM 
produced from LIDAR data (1Lantmäteriet, 2019). 

 

3.2 Biomass retrieval 

A canopy height model dataset was the result from the difference between the DSM and the DTM 
datasets. The processing, performed in ArcMap 10.6, consisted in aggregating the DSM dataset to 2m 
grid-cell resolution in order to adapt it to DTM resolution. The aggregation type was specified as the 
mean of the input pixels and the pixel centre of the resampled dataset was referenced to the DTM dataset. 
Finally, the difference between DSM and DTM raster dataset was calculated obtaining a height model for 
the study area, being considered as a CHM in the vegetated areas.  

Canopy height supposes a relevant variable in biomass and vegetation volume retrieval. Diameter at 
breast height can be predicted from canopy height and biomass or volume can be retrieved if some 
parameters describing the growing conditions of a specific forest are known thanks to the usage of 
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generalized allometric equations developed by Muukkonen (2007).  Hence, DBH was estimated from 
canopy height by resolving Eq.5: 

 
𝑑𝑏ℎ 1.3

ℎ
𝛽 𝛽 ∙ ℎ

 
(Eq.5) 

 

where 𝑑𝑏ℎ refers to diameter at breast height in cm, h refers to canopy height in m, and 𝛽  and 𝛽  are 
constants describing growth according to species and vegetation zone according to Ahti et al. (1968). 
Once obtained DBH estimations, stem volume (SV) was retrieved by applying Eq.6: 

 

 
𝑦   exp 𝛽 𝛽 ∙

𝑑𝑏ℎ
𝑑𝑏ℎ 𝛽

 
(Eq.6) 

 

where𝑦 refers either to SV in m3 or biomass of tree component in kg, and 𝛽  , 𝛽  and 𝛽  correspond to 
scaling factors.  In this case, the equation was calibrated in order to calculate SV as the unique variable 
estimated due to the possibility of comparison against SAR measurements, obtaining datasets with 
retrievals of DBH in cm and SV in m3 in a 2m resolution grid.  

DBH and SV data was retrieved for Norway Spruce (Picea Abbies) and Scots Pine (Pinus Sylvestrys) the 
two dominant species in the defined study area. In both cases the equations were applied to the entire 
study area, but only considered in the stands with dominance of one or other species. Thus, the scaling 
factors were calibrated according to Muukkonen (2007) by using the values in Table 3. 

Table 3: Used calibration values for Norway Spruce and Scotts Pine stem volume retrieval. Adapted from Muukkonen, (2007). 

  𝜷𝟎  𝜷𝟏 𝜷𝟐
DBH PARAMETERS       

PICEA ABIES  2.088  0.157  ‐ 
PINUS SYLVESTRIS  2.082  0.170 ‐ 

SV PARAMETERS       
PICEA ABIES  ‐8.574  11.458  11.881 

PINUS SYLVESTRIS  ‐8.735  11.255  10.667 
 

Datasets regarding canopy height, diameter at breast height and stem volume where obtained in a 2m 
resolution grid. Canopy height, resulting from the differences between DSM and DTM models, was 
common for all the considered tree species. However, due to the different properties of the tree species, 
DBH and SV datasets where differentiated according to the generalized retrieval values presented in 
Table 3. 
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4 SAR‐based AGB estimation methods 

SAR acquisitions were used for both intensity and interferometric processing using SARscape 5.1. In this 
section the processing workflows in order to obtain coherence, phase and interferometric height datasets, 
baseline and intensity data are described. Independent processing workflows were applied to extract data 
from the selected Sentinel-1 images regarding summer and winter periods.  Finally, the followed 
procedures for AGB estimation based on Sentinel-1 data are described. 

 

4.1 Intensity measurements 

Intensity processing took also place for all the images forming the pairs used in interferometric processing 
(Table 1). The purpose of this was to obtain terrain geocoded backscatter measurements for the study 
area. Thus, once again the images were clipped to the study area in order to save processing resources. 
The ratio between the power of the transmitted pulse and the power of the received echoes represent 
backscatter. The backscatter intensities were multilooked, coregistered, filtered and finally geocoded in 
order to be able to extract information regarding intensity of individual images for later multitemporal 
feature extraction (Sarmap, 2014). 

Single Look Complex (SLC) images are the product of using SAR signal processor where full synthetic 
aperture and the entire signal data history have been used to produce the highest possible resolution. 
Multiple looks may be generated by averaging over range and/or azimuth where degradation in spatial 
resolution is caused in order to improve radiometric resolution. Consequently, multilooking the images 
reduces resolution, but also speckle noise (Sarmap, 2014; Wang et al., 2018).  

SAR image coregistration allows speckle filtering based on time-series and image operation in slant-range 
geometry. By spatial corregistration and potential resampling, SAR images in a determined acquisition 
geometry are superimposed in the slant range geometry. Once coregistered, the multilooked images were 
filtered in order to balance differences in reflectivity between images during the defined study period. 
Finally, the images were geocoded and calibrated radiometrically (Sarmap, 2014). 

All the images used in this study were multilooked using 4 range looks and 1 azimuth look obtaining an 
approximate output pixel of 15m x 15m resolution. These parameters were aimed to generate a product 
corresponding approximately to the same resolution foreseen for the geocoded image product. 
Corregistration was made considering topography from an auxiliary ellipsoid-referenced DEM. Filtering 
the coregistered images using the De Grandi Filter, differences between reflectivity images are balanced. 
The processing resulted in an Equivalent Number of Looks (ENL), which is the number of independent 
intensity values averaged per pixel, in this case of 4.4 (De Grandi et al,. 1997). 

Next, the images must be geocoded in order to process geometric properties of SAR imagery in range and 
azimuth direction. Range and Doppler equations are applied in order to convert positions of backscattered 
elements into slant range image coordinates (Meier et al., 1993). Geocoding was processed using an 
auxiliary ellipsoid-referenced DEM and the same ground control points used in the interferometric 
processing. Prior to analysis, radiometric calibration was processed in order to be able to compare radar 
data acquired by different sensors at different times by applying the radar equation law. This step applies 
corrections for the scattering area and normalization at pixel level for the real illuminated area according 
to local topography and incidence angle. The antenna gain pattern was corrected considering local 



SAR‐based AGB estimation methods 

17 
 

topography, and the range spread loss was considered by calculating the sensor-to-ground distance 
variation in range (Small et al., 1998; Sarmap, 2014). 

 

4.2 Interferometric measurements 

In order to produce phase and interferometric height data afterwards, an InSAR Digital Elevation Model 
Workflow was used to process each selected pair of images.The purpose of this processing workflow was 
the generation of an Interferometric Digital Elevation Model (DEM) from interferometric phase. 
Additionally, coherence was processed independently aiming to avoid loss of information due to filtering 
methods related to InSAR DEM generation. Baseline estimations were also produced in order to 
complement the result description. 

The first step for both interferometric DEM and Coherence generation consisted in the interferogram 
production. The output of this would be the distance between a point on Earth and the sensor position by 
considering the phase difference in two complex SAR datasets. After that, the results would be flattened 
by removing the constant phase result of acquisition geometry, and finally the topographic phase would 
be removed by using an external DEM (Sarmap, 2014; Guarnieri et al., 2002). 

Once the interferogram was produced and flattened, coherence generation took place together with 
interferometric filtering. Submitting interferogram to filtering would enable the generation of an output 
product with reduced phase noise by increasing signal-to-noise ratio (Goldstein et al., 1998; Baran et al., 
2003). Nevertheless, the phase of the interferogram can only reach 2π. Because of that, if the phase 
change was larger than that, the cycle repeats. The phase unwrapping process would resolve the 2π 
ambiguity. Hence, the final interferometric results would be directly affected by this (Reigber et al., 1997; 
Costantini, 1998). Refinement and re-flattening were necessary after having unwrapped the phase. This 
would permit the correct transformation of unwrapped phase into height values by refining the orbits, 
calculating phase offset or removal of possible phase ramps. Finally, phase to height and geocoding took 
place. The calibrated and unwrapped phase was combined with the synthetic phase and converted into 
height in a geocoded output by considering the Range-Doppler approach (Sarmap, 2014; Holecz et al., 
1997; Goblirsch et al., 1996).  

Coherence was also computed individually in a Coherence Change Detection (CCD) analysis in order to 
obtain geocoded coherence products without potential modifications brought by phase filtering. The 
generation of first order statistics from interferometric image pairs enable potential detection and 
temporal variability (Gatelli et al., 1994).  

 

4.2.1 Baseline Estimation 

Even if baseline values are not used during the production of interferometric data, information regarding 
baseline and other orbital parameters is necessary for understanding data characterization and quality 
assessment of the interferometric measurements. In order to do so, the theoretical relationship between 
coherence values and standard deviation of interferometric height is considered (Sarmap, 2014). 

Antenna overlapping in ground reflectivity acquisition determines interferogram generation. Hence, if the 
perpendicular component of the baseline increases beyond critical baseline limits, phase measurements 
cannot take place and coherence is lost making interferometry generation impossible (Goblirsch et al., 
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1996). Table 4 present orbital information regarding interferometric pairs of images during summer and 
winter periods respectively. 

Table 4: Interferometric pairs for the summer and winter periods. Note that in all cases all the images were acquired at the same 
Sentinel‐1 relative orbit. 

Summer, pair ID  Acquisition dates  Revisit time  Orbital track  Bn(m)  FDC (Hz)
 

A  Jun 27, 2018 / Jul 03, 2018  6 days  Ascending  ‐119.13  14.40 
B  Jul 03, 2018 / Jul 09, 2018  6 days  Ascending  72.71  ‐19.92 
C  Jul 09, 2018 / Jul 15, 2018  6 days  Ascending  36.48  13.76 
D  Jul 15, 2018 / Jul 21, 2018  6 days  Ascending  ‐125.62  ‐7.03 
E  Jul 21, 2018 / Jul 27, 2018  6 days  Ascending  94.49  15.50 

 

Winter, pair ID  Acquisition dates  Revisit time  Orbital track  Bn(m)  FDC (Hz)
 

F  Dec 23, 2017 / Dec 29, 2017  6 days  Ascending  108.46  ‐8.88 
G  Dec 29, 2017 / Jan 04, 2018  6 days  Ascending  ‐43.07  13.37 
H  Jan 04, 2018 / Jan 10, 2018  6 days  Ascending  ‐57.38  ‐18.95 
I  Jan 10, 2018 / Jan 16, 2018  6 days  Ascending  88.01  11.98 

                        J  Jan 16, 2018 / Jan 22, 2018  6 days  Ascending  ‐126.10  0.88 

 

Since standard deviation of interferometric height is considered in baseline estimation, critical baseline 
can be reduced by topography. An inverse proportion exists between sensitivity to detect height variations 
and the 2π ambiguity height, which supposes worst accuracy in small elevations detection (Goblirsch et 
al., 1996; Small et al., 1996). 

 

4.2.2 Interferometric SAR Digital Elevation Model generation 

Before interferogram generation, the images were limited to only cross-polarized products sub-setted to 
the study area. Interferogram generation and flattening was carried out in the same way in all cases. The 
pairs of images were coregistrered with an auxiliary high-resolution (2m) DEM referring to the area of 
interest (2Lantmäteriet, 2019). This increased the coregistration accuracy regarding both coherence and 
interferometric phase, since the spectral shift filter is adapted to the local slope variations performing an 
accurate interferogram flattening (Sarmap, 2014). The DEM, provided by the Swedish Land Survey, was 
projected to SWEREFF_99 TM with reference to geoid SWEN08_RH2000 in order to correct 
discrepancies between WGS84 and the local geoid (Vestøl, 2009). Thus, the auxiliary DEM was 
projected to WGS84 with geoid reference EGM96. Next, geoidal correction had to be avoided by 
extracting the geoid in order to avoid discrepancies between local geoidal heights and ellipsoidal heights. 
It must be considered that ellipsoidal heights ensure consistency of most satellite systems, referencing 
measurements to Earth centre (Sarmap, 2014). Ground control points were also imported in order to 
correct the master image onto the DEM. Consequently, this would bring a smoothed residual phase for a 
straightforward phase unwrapping (Sarmap, 2014; Guarnieri et al., 2002). 

Ground control point selection was based on the selection of stable reference points. Thus, rooftops facing 
northwards were selected, since this would accentuate freezing conditions for the images acquired during 
winter, maintaining the targets dielectric properties stable and generally with high coherence values. The 
point distribution is well distributed along the entire scene (Sarmap, 2015).  
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Filtering would enable subsequent unwrapping, but this process involves the modification of the 
interferogram results. Hence, two different filtering methods have been applied resulting in different 
output. Adaptive filtering was applied to the flattened interferograms in order to reduce possible phase 
noise produced by temporal decorrelation, geometric decorrelation and volume scattering per se.  
However, keeping data regarding vegetation volume was the priority. By applying an adaptive filter, the 
aim is preserving even smaller interferometric fringe patterns by defining the filtering windows in relation 
to coherence values by the identification of threshold value to use as Similarity Mean Factor between 
backscatter values between master and slave images (Sarmap, 2014; Gleich, 2018).   

Alternatively, Goldstein filtering method was also tested. This approach adapts filtering power according 
to coherence values. Thus, the lower the coherence, the stronger the implementation of the alpha 
parameter determining the filter (Gleich, 2018). This supposes an improvement of fringe visibility and 
reduction of noise produced by temporal or baseline decorrelation. As a result, the signal loss is 
minimized and the level of noise it is reduced (Sarmap, 2014). 

Coherence was the result of the ratio between coherent and incoherent sum, being an indicator of the 
phase quality. This would not only describe the quality of the interferometric phase measurements, but 
also would be considered in the rest of the further steps in the interferometric DEM production (Sarmap, 
2014). 

Phase unwrapping also supposes the treatment of the measured data in a certain way according to the 
applied method. Because of that, two different algorithms have been applied to both the Adaptive and 
Goldstein filtered products. Minimum Cost Flow algorithm was first applied. This method solves the 2π 
ambiguity by considering a square grid all over the image pixels, low coherence or other limiting factors. 
A decomposition level of 2 was established together with an unwrapping coherence threshold of 0.2 in 
order to reduce unwrapping errors in low coherence areas (Reigber et al., 1997; Costantini, 1998). 
Secondly, the Delaunay Minimum Cost Flow was applied. This method follows the same approach as the 
previous method, but only covering those pixels with relatively high coherence and avoiding the influence 
of low coherence values. In this case, a Delaunay triangular grid was applied instead of a squared one. 
This is very convenient when treating with several areas of low coherence such as vegetated surfaces. 
Regions of low coherence would be left without unwrapping producing phase “islands” or “jumps”, but 
this is minimized by the Delaunay approach (Sarmap, 2014; Durden et al., 1996). 

Refinement and re-flattening are necessary for DEM generation. The processing was executed by using 
the high-resolution auxiliary DEM and the GCP previously used in the interferogram formation with the 
intention of avoiding topographic fringes remained without flattening. 

Finally, a DEM was produced and geocoded and projected. The calculated cartesian coordinates were 
transformed using Nearest Neighbour approach. The interpolated result is filtered in order to smooth the 
results. Finally, the local geoid correction was added a posteriori. Precision and resolution were also 
generated in this step. Precision provided standard deviation value of the measure precision from 
coherence, baseline and wavelength data. Resolution represented pixel resolution in ground range. 

 

4.2.3 Coherence generation 

Coherence contains thematic information relevant to ground properties and their temporal changes. Its 
measurements can be enhanced when considering them together with backscattering coefficient between 
the master and slave intensity data. Thus, coherence supposes a potential indicator of stem volume. In 
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order to avoid disturbances related to phase processing, coherence values were generated independently 
(Sarmap, 2014).   

Interferometric coherence is calculated as the ratio between coherent and incoherent summations 
supposing a function of systemic spatial de-correlation, additive noise and scene de-correlation between 
two acquisitions (Touzi et al., 1999). The estimated coherence ranges from 0 to 1 in relation to systemic 
spatial decorrelation and temporal decorrelation between master and slave images (Monti Guarnieri et al., 
2002). 

Coherence was estimated by means of the Maximum Likehood estimator from interferometric pairs of 
SLC products (Santoro et al., 2018). The product coregistration was computed using the same high-
resolution auxiliary DEM and ground control points as in phase processing. Interferogram generation, 
flattening and Multilooking parameters were also the same used as in phase processing. Nevertheless, 
coherence generation took place under unfiltered interferograms, which would avoid loss of data (Gatelli 
et al., 1994).  Finally, coherence products where geocoded by the same means used in the interferometric 
DEM generation (Holecz et al., 1997; Goblirsch et al., 1996). 

 

4.3 Biomass estimation mechanisms 

Estimation of vegetation volume from SAR data is based on the understanding of the interactions of the 
emitted waves from radar with the targeted vegetation. From vegetation volume, amount of biomass can 
be retrieved. Considering the depolarizing effects of vegetation, Sentinel-1 VH crossed-polarized mode (i. 
e. horizontal transmit – vertical receive polarization) was used in all cases of study. As previously stated 
on Chapter 1, backscatter intensity signal saturates when interacting with certain amount of biomass 
depending on wavelength and polarization mode (Le Toan et al., 2011). As an alternative to this 
inconvenience, interferometric coherence can be used to estimate stem volume by assuming decrease in 
coherence with increasing vegetation volume due to increasing height and increasing stem movement due 
to that (Askne et al., 1997).  

By producing false color composites combining backscatter intensity and coherence along the summer 
and winter periods, wave interactions can be understood at a scene level. RGB false color composites 
combining backscatter intensity and interferometric coherence were produced for the summer and winter 
periods respectively. Averaged coherence for the study period is attributed to red, average backscatter 
over time is presented in green, and the temporal variability of backscatter is related to blue. In order to 
enhance coherence against intensity, coherence was re-scaled between 0.1 and 0.5. Hence, the 
compositions permit to visualize Sentinel-1 C-band interactions for the entire scene, allowing the 
comparison between different wave interactions with different surfaces (2Santoro et al., 2018). 

Besides, biomass estimation through InSAR height followed different mechanisms. In this case, biomass 
would be estimated indirectly by the application of allometric equations. Hence, biomass retrieval would 
take place following the same methods described in Chapter 3, but in this case considering an 
interferometric DSM as the data source. Nevertheless, previous comparison against the reference 
photogrammetric DSM dataset would anticipate errors in the interferometric measurements.  
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replicates present mean DBH values from 90 to 133 cm, pine replicates show lower mean values from 79 
to 103 cm (Table 2). The slopes of the trendlines in Fig.5 also present differences. Where pine 
correlations present a steeper trendline indicating a rapid variation of values between DBH and CHM 
values, correlation for spruce series presents a lower slope in the trendline indicating lower variations 
between correlated variables. 

As stated in Chapter 3, biomass estimations were based on retrieved CHM values. A volumetric 
measurement was chosen due to the established relationship between vegetation volume and backscatter 
intensity (Askne et al., 1997). Hence, estimations were produced in units of stem volume. Stem volume, 
measured in m3/area, is the result of a model representing vegetation volume (Santoro et al., 2002). The 
same generic allometric model for boreal forests (Muukkonen, 2007) was used for both species. 
Nevertheless, due to the different forest height and stem volume relationships (Fig.5), the equation was 
calibrated according to different growth parameters regarding the comprehended species (Table 3). Fig.6 
presents estimated stem volume for spruce. 

 

Figure 6: Estimated Stem Volume fitting Norway Spruce calibration parameters. The values are presented in m
3
/pixel (i. e. 2m). 

Note that only values regarding forested areas have been kept. Due to the fact that this dataset is based on the CHM, the given 
distribution of values it is the same. 

An identical dataset was created regarding Scotts Pine calibration parameters. Thus, it is important to 
consider that the estimated values for each dataset can only be applied in those locations with a majority 
of the modelled species (i. e. pine stands or spruce stands). Nevertheless, the distribution of the values 
along the dataset was the same in both cases, since in all cases the retrieval was based on the same CHM. 
Both datasets present the typical agroforestry shapes at a landscape level that can be observed from aerial 
or spaceborne imagery, where the different patches in different green intensities can be related to different 
stand ages. Estimated stem volume datasets refer exclusively to the forested areas in the scene, considered 
by the forest, coniferous and mixed forest class of the Swedish Terrängkartan (3Lantmäteriet, 2019). The 
dataset presents volume in m3 per unit of area (i. e. SV/pixel). Hence, stem volume retrieval at stand level 
is possible when summing all the grid values referring to a certain area.  
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In order to adapt the resolutions of the newly created SV dataset and the photogrammetric CHM to the 
SAR measured data, both datasets were aggregated to a pixel grid of 10m defined by the resolution of the 
SAR measurements. Previous to comparison, SAR datasets were also projected to the same reference 
system as the rest of the data (i. e. Sweref 99), and the pixel center of the grids where redefined in relation 
the aggregated CHM dataset. 

 

5.2 Biomass retrieval from SAR measurements 

By understanding interactions of the emitted waves from radar with vegetation, volume of vegetation can 
be estimated. By producing false color composites combining backscatter intensity and coherence along 
the summer and winter periods, wave interactions can be understood at a scene level (Santoro et al., 
2018). Fig.7and Fig.8 present RGB false color composites for the summer and winter periods 
respectively. In both cases, each band in the composition is enhanced in relation to the others according to 
the weight of the represented value. Thus, if two or more bands are given in a similar proportion, their 
attributed colors will be combined (i. e. combination of relative high coherence and relative high 
variability of backscatter will be represented in pink).  Forested areas, characterized by high backscatter 
values along study periods, can be easily differentiated from non-forested areas in both cases. Water 
bodies, in blue because of big variations in backscatter, can be also identified without many inconvenient 
in both cases, but easily during the winter period.  

 

Figure 7: Backscatter and coherence RGB false color composite for the summer period at scene scale (red: average over time for 
all coherence images given in the repeat pass interval; Green; average of backscatter over time; blue: variability of backscatter). 
Coherence was scaled between 0.1 and 0.5 to enhance contrast according to Santoro et al, (2018). The Individual layers forming 
the composite can be found in Annex 2. 

As it can be observed in Fig.7, high averaged backscatter intensity over forested areas and a high 
variability of backscatter intensity over agricultural lands are the most striking results. The high 
backscatter intensity over forested areas can be attributed to high surface rugosity. The variability of the 
backscatter over agricultural lands can be mainly variability in the dielectric properties. On the contrary, 
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coherence values are generally low. Some pink patches indicating, high coherence and high variability of 
backscatter, can be found in some cropped areas. Yellow pixels, indicating high coherence and high 
backscatter intensity, match in most of the cases with buildings (i. e. farms), used in many cases as GCP 
during coherence generation. Great variability of the backscatter can also be appreciated in the blue pixels 
altering the continuation of green patches over the forested areas.  

 

Figure 8: Backscatter and coherence RGB false color composite for the winter period at scene scale (red: average over time for 
all coherence images given in the repeat pass interval; Green; average of backscatter over time; blue: variability of backscatter). 
Coherence was scaled between 0.1 and 0.5 to enhance contrast according to Santoro et al, (2018).The Individual layers forming 
the composite can be found in Annex 3. 

In Fig.8, referring to winter period, high backscatter intensity over forested surfaces can also be 
appreciated. However, in this case higher coherence values are combined with backscatter variability over 
agricultural lands, being the differentiation of some different parcels possible. An exception is given on 
the strip at the west extreme of the scene, where the coherence band does not have coverage. During the 
winter period, water bodies are easily differentiated from the rest of the classes, being the areas with the 
highest backscatter variability. Yellow pixels are not only more intense over buildings, but also along the 
power grid crossing the scene from SW to NE. In this case, the backscatter variability over most of the 
forested patches is higher than in summer, presenting a darker tone of green over most of the forested 
patches.  

 

5.2.1 Vegetation volume estimates from backscatter intensity 

The false color RGB composites previously presented demonstrated predominance of backscatter 
intensity, backscatter variability or coherence in relation to different land coverages. Thus, forested areas 
were characterized with relatively high backscatter coefficient values in relation to other land uses. 
Following the same principle as when differentiating between different land surfaces, a parametric or 
regression-type relationship can be established between backscatter intensity and biomass volume if an 
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remain clustered in sections depending on canopy height values. However, in this case the values are not 
considered to be saturated. Nevertheless, either the establishment relevant differences between different 
tree species or a volumetric correlation between variables were possible due to the excessive noise found 
in the measurements. 

5.2.3 Biomass retrieval from InSAR height measurements 

Finally, biomass volume was indirectly estimated from interferometric height. Thus, the presented results 
are based on the InSAR height measurements, since the actual biomass estimations would be derived 
from height estimations by applying allometric equations. Hence, once having produced DSMs from 
interferometric pairs of images, canopy height models were produced by extracting ancillary DTM values 
to the estimated interferometric height data for every interferometric pair. Additionally, mean 
interferometric height models were also produced for every study period (i. e. a mean DTM for winter 
and a mean DTM for summer).  

As stated in Chapter 4, interferometric height estimation was produced through different phase filtering 
and phase unwrapping methods, since the resulting measurements would be different in every case 
depending on the used algorithms. Thus, three different interferometric processing chains were executed 
according to different phase filtering and phase unwrapping algorithms. The used combinations were 
Adaptive Filter with Minimum Cost Flow unwrapping, Goldstein Filter with Delaunay Minimum Cost 
Flow unwrapping and Adaptive Filter with Delaunay Minimum Cost Flow Unwrapping. A total of fifteen 
DSMs where produced for each study period. Before cross-correlating canopy height values retrieved 
from photogrammetric DSM (i. e. independent variable) against the produced interferometric DSMs (i. e. 
dependent variables), the interferometric datasets where compared to the reference CHM in order to 
estimate major differences between datasets (Fig. 12 and Fig.13). In all cases, the differences were higher 
than the mean height for the forested areas in the entire scene (i. e. 15m). This supported the assumption 
that biomass estimations from interferometric phase measurements were not possible in this case.  

 

Figure 12: Differential digital elevation model resulted from the difference between the interferometric DSM produced from the 
interferometric pair I, and the reference photogrammetric DSM. Goldstein Filter and Delaunay Minimum Cost Flow phase 
unwrapping characterized the interferometric processing. Generalized height underestimation can be appreciated over forested 
areas (Annex 6.1). 
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The interferometric pair I (i. e.  master image acquired during Jan 10, 2018 and Slave image during Jan 
16, 2018) presented the most accurate results permitting a generic differentiation between forested and 
agricultural lands. Goldstein filter together with Minimum Cost Flow unwrapping (Fig. 12) was the 
processing method presenting the lowest errors. Adaptive filtering together with Minimum Cost Flow 
unwrapping (Fig. 13) also permitted the differentiation between main land uses, but in this case 
presenting higher variations within the range of errors. 

 

Figure 13: Differential digital elevation model resulted from the difference between the interferometric DSM produced from the 
interferometric pair  I,  and  the  reference  photogrammetric  DSM. Adaptive  filtering  and Delaunay Minimum Cost  Flow  phase 
unwrapping characterized the interferometric processing. Generalized height underestimation can be appreciated over forested 
areas. In this case, local overestimation can be also appreciated over cropped surfaces (Annex 6.2). 

In the two examples presented, like in the rest of the cases, there was a general underestimation of height. 
This can be attributed to wave attenuation through the canopies, which leads to a higher ground 
contribution than in the case of photogrammetric DSM measurements.  Hence, the estimated height from 
interferometric methods could refer to a mean scattering phase center (SPC) closer to the ground than to 
the top of the canopies. This is directly determined by canopy density and structure, varying according to 
tree species and maturity.  
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6 Discussion 

The existent correlation between DBH and canopy height allows biomass estimation from Sentinel-1 data 
regarding vegetation volume or forest height (Askne et al., 1997; Holmgren et al., 2001; Muukkonen, 
2007; Praks et al., 2012; Askne et al., 2017; Santoro et al., 2018; Saatchi, 2019). Depending on the 
processing method used, SAR wave interactions would be analyzed in one or another way. Biomass 
volume estimates from backscatter intensity and interferometric coherence were based on the 
establishment of observed relationships between biomass measurements and SAR measurements given in 
specific testing areas for future extrapolation (i. e. model inversion). On the other hand, retrieval from 
interferometric height consisted on the generation of an interferometric DSM, from where biomass 
estimates can be reached indirectly by applying allometric equations. In this chapter, the established 
relationship between DBH ground observations and photogrammetric canopy height and the DSM 
estimations from InSAR are discussed according to the retrieval mechanisms, image acquisition and 
surface parameters. Finally, implications regarding biomass estimation from Sentinel-1 data are also 
discussed. 

 

6.1 Biomass retrieval from ALS and Photogrammetric measurements 

Fig. 5 presents different relationships between DBH and canopy height for pine and spruce species.  A 
major slope for pine species indicates a major difference between height and DBH, whereas this 
difference is less noticeable for spruce observations. However, the population and the distribution of the 
samples are not the same. Where pine series comprises a population of 16 DBH samples holding values 
between 51 cm and 132 cm, spruce population comprises 21 samples with values from 64 cm to 170 cm.  
Other tree species are not considered, excluding the possible contribution of other tree species than pine 
and spruce. Thus, a more extensive field data inventory would have defined better the relationships. 

Besides the representativity of the samples, DBH field data acquisition and the photogrammetric DSM 
dataset must be also considered. As stated in Chapter1 and Chapter 3, some positioning errors attributed 
to GPS accuracy were detected in the field inventory.  This would affect the correlation while overlaying 
them with the CHM dataset grid. The production of the photogrammetric DSM dataset must be also 
considered. Even if the accuracy of the method to define canopy height is considered to be very high, 
artefacts introduced by effects such as distribution of the elevation points or abrupt relief can still 
influence the measurements (Muukkonen, 2007; Kotivuori et al.,2018; 2Lantmäteriet, 2019). Additionally, 
artefacts introduced by the high-resolution DTM extraction could be detected in the CHM dataset, 
generating some inconsistencies in areas with abrupt land forms or with low vegetation volume (Askne et 
al., 2017). 

Stem volume was calculated from CHM through generalized allometric equations. This measure, 
referring to the entire stem of a tree, is one of the most common variables in forest inventory. It cannot be 
measured directly since is predicted from other measurable variables such as canopy height or diameter at 
breast height (Kotivuori et al., 2018).  Even if the models where calibrated in order to estimate values 
from pine and spruce in boreal regions, specific cases at local levels are not considered due to 
generalization (Muukkonen, 2007).    

Processing DBH and CHM data at a stand level (i. e. mean values) would have reduced the number of 
inconsistencies introduced by individual artefacts and spatial autocorrelation effects (Askne et al., 1997; 
Santoro et al., 2002). However, this was not possible due to a low number of stand samples (i. e. 4 pine 
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stands and 5 spruce stands), which was not representative enough in order to establish trends within the 
datasets. Nevertheless, the homogeneous conditions given at the different stands in terms of species and 
maturity were reflected by the individual tree samples. 

 

6.2 Biomass retrieval from SAR 

Depending on the given conditions during winter or summer, temporal decorrelation would affect the 
measurements in a different way. Since the targets of interest consisted of forest stands of varied 
composition, seasonality would affect vegetation in different ways depending on the species of interest. 
Plant anatomy and function would cause changes in surface roughness due to variations in canopy and 
ground vegetation density. Changes in individual scattering components, such as leaves, stems, branches 
and trunks would determine the measurements (Jones and Vaughan, 2010). Hence, the contribution of the 
different individual scattering components to the total signal would vary depending on the vegetation 
status affected by seasonality (Soja et al., 2015). 

Dielectric properties of the targeted surface would determine backscatter measurements together with 
vegetation volume. Atmospheric and hydrometeorological conditions varying in time and space would 
determine the dielectric properties. The given dielectric properties would determine the magnitude and the 
behavior of the backscatter at certain polarization to above ground biomass (Servir Global, 2019). Hence, 
acquisition conditions with minimal effects of atmospheric and moisture influences are required (Santoro 
et al., 2018). As stated in Chapter 2, the acquisition of images under stable hydrometeorological 
conditions was a priority. The selected study periods where characterized for the lack of precipitation, 
daily mean temperatures around 20℃ during summer, around 0℃ in winter, and wind speeds around 3 
m/s.  Nevertheless, winter images would present higher stability since moisture effects are cancelled out 
in most of the cases (Fig.8).  

Acquisition geometry would also influence SAR measurements. Multitemporal measurements of 
backscatter and interferometric coherence might present differences derived from Doppler centroid 
difference (FDC) and perpendicular baseline (Bn) between acquisitions. Hence, minimum values in both 
variables where aimed (Santoro et al., 2018; Servir Global, 2019). Geometric effects at a local scale 
derived from FDC and Bn values would be reduced by applying radiometric corrections and by averaging 
measurements over time and space (Santoro et al., 2002; Sarmap, 2014).  

 

6.2.1 Vegetation volume estimates from backscatter intensity 

Due to the existent relationship between canopy height and biomass quantity, a photogrammetric DSM 
could be used in order to measure biomass volume in the selected testing sites (Askne et al., 1997). 
Photogrammetric data provided accurate height measurements at a scene level, supplementing the lack of 
field data. A relationship between canopy height and DBH was established in some selected stands for 
pine and spruce species (Fig. 5). 

Ancillary data would be required in order to calibrate the backscatter measurements. Hence, accurate 
meteorological data determining acquisition conditions would permit the detection of inconsistencies in 
volumetric measurements introduced by variability of dielectric properties (Santoro et al., 2018). At the 
same time, biophysical and location data regarding the forested areas will also be required in order to 
match target sites presenting similar conditions (Soja et al., 2015; Servir Global, 2019). 
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Hydrometeorological and biophysical information is also required over known forested areas if model 
inversion wants to be applied. The homogeneous conditions given at a stand level in boreal productive 
forests will be very appropriate, since geographic context, biophysical properties and stage of maturity 
conditions are determined and measured for production purposes (1Santoro et al., 2018).  

Forested areas have been classified into three different levels composed by the tree canopy, tree trunks 
and ground surface in order to understand microwave interactions. Hence, the total of measured 
backscatter will be determined by each of these reflecting levels individually or in combination (Soja et 
al., 2015). Wavelength interactions at a canopy level are the main expectation for C-band (5.6 cm) 
measurements in forested areas. Additionally, HV cross-polarized channel was used in order to focus 
wave interactions at the canopy and avoid depolarizing effects. Nevertheless, even if leaves and small 
branches will suppose the main reflectors in most of the cases, it is important to consider contributions of 
other kinds (Le Toan et al., 2011) 

Fig.14 presents the established correlation between backscatter coefficient and canopy height 
observations for the forested areas in the scene. Thus, dynamics of backscatter intensity measurements of 
vegetation could be understood when comprehending targets with different properties. Only observations 
above 0m where considered, assuming that the values under 0m would be derivate artifacts from the 
production of the photogrammetric CHM dataset. The lower heights considered (i. e. < 3m), could be 
attributed to different land coverage than mature forest, such as clear-cuts, bush lands or newly planted 
stands. Linear backscatter values measured in this case present high variability depending on the 
properties defining a specific target (i. e. target roughness or dielectric disruptions) (Soja,2014; Santoro et 
al., 2018; Servir Global, 2019). 

 

Figure  14:  Averaged  backscatter  coefficient  observations  for  the  forested  areas  at  scene  level  comprehending  the  Swedish 

national  topographic map forest classification during the winter period. A set of 2,000 random points along the test site was 

created and used for sampling the previously produced CHM dataset as reference data. Once having extracted CHM using the 

sampling points,  only  the  features with  a height  equal  or major  to 0m  (i.  e.  1,873  observations) were  kept.    Plots  regarding 

individual  images of the period can be found  in Annex 7. Note that  linear backscatter values were directly plotted  in a Log10 

scale. 
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Canopy heights over 3m present inexistent relationship with backscatter coefficient. The variance of 
backscatter related to the CHM dataset is high in all the cases. This reveals the necessity of spatial 
averaging in order to reduce local (i. e. pixel level) noise and other artefacts (Santoro et al., 2002). Still, 
can be appreciated how backscatter coefficient it is not related together with increasing canopy height 
either (i. e. non-linear scale), but the interval develops by a factor of base e (i. e. Logarithmic Scale). 
Together with a stabilization of the regression line, this can be attributed to a saturation of the signal due 
to increasing volume of vegetation (Le Toan et al., 2011; Woodhouse, 2006; Soja, 2014; Servir Global, 
2019). 

 

6.2.2 Vegetation volume estimates from interferometric coherence 

Saturation of C-band signal at low vegetation volumes prevents retrieval of vegetation from backscatter 
intensity measurements. However, stem volume can be estimated from interferometric coherence by 
assuming an inverse relationship between coherence and stem volume. The lower the vegetation height (i. 
e. the lower the stem volume), the higher the coherence due to less stem movement, and the higher the 
vegetation the lower the coherence due to increasing stem movement. Therefore, in order to implement 
this relationship, very stable conditions are required in order to favor high coherence. Temporal and 
environmental decorrelation effects must be avoided in the interferometric pairs (Askne et al., 1997). At 
the same time, multi-temporal combination of single image estimations would reduce the effect of 
artefacts and errors at single measurements (Santoro et al., 2002). 

The relationship between interferometric coherence and canopy height for all the forested areas at a scene 
level is presented in Fig.15. Also in this case only heights over 0m were considered. A different trend 
than in the backscatter analysis can be noticed in the distribution of the samples, identifying coherence 
decrease with increasing canopy height values by following a logarithmic relationship. The regression 
line is not stabilizing in this case, which indicates non-saturation of the measurements (Askne et al., 1997; 
Santoro et al., 2018). Coefficient of Determination is 0.23, indicating better relationship between 
variables than in the case of Fig.14. 
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Figure  15:  Averaged  coherence  observations  for  the  forested  areas  at  scene  level  comprehending  the  Swedish  national 
topographic map forest classification during the winter period. A set of 2,000 random points along the test site was created and 
used  for  sampling  the  previously  produced  CHM dataset  as  reference  data. Once  having  extracted  CHM using  the  sampling 
points, only  the  features with a height equal or major  to 0m  (i.  e.  1,873 observations) were kept.   Plots  regarding  individual 
images of the period can be found in Annex 5. Variations at local levels and spatial autocorrelation prevent any correlation for 
pixel level observations. 

A cluster of observations can also be noticed in canopy heights lower than 3m. In the same manner as in 
the backscatter relationship, these observations present high variability related to the properties defining 
different targets.  Even if a general relationship can be intuited, R2 values indicate low correlation due to 
high variability of the samples. The necessity of spatial averaging in order to reduce local (i. e. pixel 
level) noise and other artifacts is also revealed in this case (Santoro et al., 2002). 

Retrieval from repeat-pass interferometric coherence was possible. Additionally, a rather strong 
relationship between canopy height and coherence could be observed in pine observations (R2= 0.67). 
Alternatively, this relationship was lower for the case of spruce (R2= 0.02) (Fig.11). This could be related 
to the difference in slope of the linear relationships established between field observations of DBH and 
photogrammetric canopy height (Fig.5). Where pine observations presented major variations between 
DBH and CHM values allowing better volume estimation from canopy height, a flatter slope indicated 
lower variations between the correlated variables. However, considerations in the distribution of the 
observations must be taken, since both series are uncompleted in lower CHM and DBH relationship. 
Furthermore, a major number of samples along both variables would be needed to consolidate the 
relationships.   

Other factors than hydrometeorological effects, temporal decorrelation and geometry of acquisition also 
determine biomass measurements from SAR data. For instance, ground contribution is also included in 
the SAR measurements. Hence, when comprehending backscatter intensity and coherence measurements 
at a pixel level, the scattering phase center will be lowered depending on the order of the ground 
contributions. This disturbance could be corrected by applying physically based retrieval models, which 
would consider irregular volume densities for a specific patch of vegetation. Physically based models 
include many variables covering the sensor parameters, the geometry of the measurements and the forest 
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higher distance in the baseline is required between acquisitions for DEM generation purposes (Perna et 
al., 2015). 

Nevertheless, the main source of error can be attributed to the low coherence values given over forested 
areas. DEM quality will be negatively affected by the given difficulties for detecting fringes and unwrap 
the phase. Hence, high coherence values are required in order to obtain successful phase measurements 
(Reigber et al., 1997; Costantini, 1998).Loss of coherence could be attributed to temporal differences 
between InSAR datasets. Hence, shorter repeat pass intervals would reduce the conditions variability in a 
shorter repeat-pass interval. 

The DSM processing from InSAR would also determine height measurements. Coregistration with an 
ancillary high-resolution DEM using ground control points would increase interferometric phase accuracy 
by considering height variations locally (Guarnieri et al., 2002). Nevertheless, as mentioned before, 
filtering and phase unwrapping processes would be especially determinant due to generalization and 
distribution of the interferometric phase measurements (Reigber et al., 1997; Costantini, 1998).  

Fig.12 presents how in this specific case a Goldstein filter together with a Minimum Cost Flow 
unwrapping would permit a generalized differentiation between forested and cropped areas for the 
specific case of interferometric Pair I. The filtering process varied its power according to coherence 
values, being stronger in low-coherence events (Goldstein et al., 1988). Minimum cost-flow unwrapping 
algorithm also solved the 2π ambiguity according coherence values.  Thus, high coherence areas where 
differentiated from low coherence areas in this, where a most remarkable performance in phase averaging 
took place.  

Fig.13 was the second-best case presenting a better differentiation between crops and forests. In this case 
an Adaptive filter was applied together with a Delaunay Minimum Cost flow phase unwrapping. In this 
case, the filter focused on preserving even smaller interferometric fringe patterns by defining the filtering 
windows in relation to coherence values (Goldstein et al., 1998). The 2π ambiguity algorithm follows the 
same principle as the Minimum Cost Flow method, but in this case only covering those pixels with 
relatively high coherence (Goldstein et al., 1998). Hence, a similar effect to Fig.12 is achieved, but in this 
case comprehending higher phase variability at a local scale. 

Generalized errors in interferometric DSM can also be partly justified by variations on phase 
measurements introduced on repeat-pass InSAR by different atmospheric effects (Santoro et al., 2018). 
Main disturbances with an identified source on the troposphere and the ionosphere are especially given in 
long wavelengths (i. e. L- or P- bands). However, tropospheric effects can be identified as the delaying of 
the electromagnetic waves also in C- band (Ding et al., 2008). Spatiotemporal changes in the relative 
humidity of the troposphere can also lead to phase generation-related errors (Zebker et al., 1992). 
Furthermore, ionosphere tends to accelerate the phases of the electromagnetic waves (Ding et al., 2008). 

 

6.3 Implications of above‐ground biomass estimation from Sentinel‐1 data 

Estimation of above-ground biomass using Sentinel-1 data was possible at a stand level in a hemiboreal 
productive forest through interferometric coherence. Thus, loss of coherence due to volumetric 
decorrelation could be referred to as an indicator of vegetation volume. However, low coherence over 
forested areas among other disturbances, prevented AGB estimation from InSAR height. Backscatter 
signal saturation of C-band at low biomass volumes prevented quantification of biomass but permitted 
differentiation between forested and non-forested surfaces.  
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Image acquisition conditions with minimized disturbances affecting SAR measurements were essential. 
Thus, by reducing disturbances introduced by known hydrometeorological and geometric effects, 
measurements over known forested areas can be related to different vegetation volumes. Freezing 
conditions supposed the best acquisition conditions due to the given stability in the dielectric conditions.  
Ancillary data referring to known vegetation volumes is also required in order to define a relationship 
between SAR measurements and amount of biomass. 

Spatial and temporal averaging allowed the reduction of measurement variability introduced by discrete 
effects and spatial autocorrelation. Hence, a major number of scenes over a longer study period might 
improve the results, especially for intensity approaches. Also, a major number of stand samples at 
different maturity stages would refine the established relationships between backscatter intensity and 
interferometric coherence, and vegetation volume. In addition to statistically-based models, the 
application of physically-based models would permit to differentiate between different contributions to 
the measurements from different forest layers, improving the SAR-volume relationships. Once the 
relationships between SAR measurements and vegetation volumes have been established, future model 
inversion carried over forested areas presenting similar conditions and evaluation of its performance 
define the next steps in the evaluation of the used method.  

Biomass estimation though spaceborne SAR measurements can be carried out through several alternatives 
offering different approaches according to its characteristics. Retrieval from lower-frequency band 
measurements (i. e. P- or L- bands) suppose promising tools for biomass mapping due to its sensitivity to 
tree trunks (Soja, 2014). Also, X-band measurements avoid penetration into the canopies avoiding the 
effects of branches, and minimizing ground contribution over dense forested areas, which makes it a 
precise indicator of canopy height. In this case, tandem systems would produce accurate measurements 
avoiding temporal decorrelation effects in SPC measurements. 

   



Conclusion 

38 
 

7 Conclusion 

In order to estimate above-ground biomass from Sentinel-1 data, three different methods have been 
applied in the context of a boreal productive forest. Thereby, estimations of vegetation volume from 
backscatter intensity, interferometric coherence and interferometric phase measurements were produced. 
Terrain and surface height measurements based on LIDAR and photogrammetric measurements permitted 
to estimate canopy height reference values. This permitted to relate SAR observations to reference values 
in all cases. Finally, evaluation of SAR-based estimations was performed by comparing SAR-based 
measurements against the ancillary reference datasets.  

The existent relationship between vegetation volume and amount of biomass permitted above-ground 
biomass retrieval from Sentinel-1 data. Vegetation volume was estimated following different mechanisms 
depending on the SAR measurements and its processing. However, canopy height would suppose 
determinant in all of them. A height-bole relationship was determined in the study area by cross-
correlating DBH field observations against reference CHM values regarding the study species. Where the 
pine sample presented higher differences on the DBH-CHM distribution, the variation in the spruce 
sample was not so evident. Thus vegetation volume estimations based on height would be determined 
differently according to species influencing SAR-based estimations. 

Estimation of vegetation volume from SAR data consisted on comprehending the electromagnetic 
interactions of the emitted waves. In this case Sentinel-1 C-band interactions with Scotts Pine and 
Norway Spruce were analyzed in relation to vegetation amount. Acquisition conditions defined by the 
sensor parameters affected the measurements together with the given surface conditions at the acquisition 
times. Hence, the majority of the discrepancies found in the measurements were identified as noise 
introduced by acquisition, hydrometeorological and temporal decorrelation effects. Acquiring images 
under stable meteorological conditions and low differences in the perpendicular baselines minimized 
these effects. Also, averaging over spatial and temporal scales decreased the effects of local noise in the 
measurements introduced by spatiotemporal variability. Thus, considerable amounts of images under 
stable conditions are required in order to obtain accurate measurements.  

Retrieval from backscatter signal consisted on the definition of a relationship between backscatter 
intensity and reference vegetation volumes. The reference dataset was defined by canopy height values 
estimated from the difference between surface photogrammetric measurements and terrain LIDAR 
measurements. When determining other factors affecting the signal, backscatter intensity would be mainly 
attributed to target rugosity over known forested areas, which could be defined as an indicator of 
vegetation volume. By cross-correlating known vegetation values against intensity measurements, 
quantitative estimations from backscatter intensity could be produced.  

Saturation of backscatter signal at C-band was experienced at low vegetation levels, which prevented the 
quantification of biomass volume. However, volume decorrelation could be used as an AGB indicator. In 
order to do so, the reduction of effects derived from acquisition parameters, hydrometeorological and 
temporal decorrelation was essential. Thus, loss of coherence could be related to biomass volume by cross 
correlation against the reference dataset. In this case not only the establishment of a volume-coherence 
relationship was possible, but also to differentiate between different relationships according to tree 
species.  

The principle of quantifying biomass from InSAR height measurements was based on an indirect 
estimation method by applying allometric equations to InSAR height measurements. Estimated 
interferometric height values over forested areas would be assumed to determine canopy height from 
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which vegetation amount could be determined by applying allometric equations. Nevertheless, the big 
errors in height estimation detected when comparing estimated height values against the reference CHM, 
prevented biomass AGB quantification over forested areas. Only major differentiation between cropped 
and forested surfaces was possible for the best cases. This could mainly be attributed to low measurement 
sensitivity due to low interferometric baseline lengths and disturbances in the phase measurements 
introduced by atmospheric effects.  

In all cases, high-resolution ancillary data were required. Data describing surface and atmospheric 
conditions were required in order to determine hydrometeorological and biophysical effects on the testing 
site during image acquisition times. Also, accurate reference data determining terrain and vegetation 
volume observations were required for the establishment of relationships within backscatter and 
interferometric coherence respectively. If relevant statistical relationships are established, model inversion 
could take place and AGB can be retrieved where the same or similar conditions are given. Nevertheless, 
the performance of the retrievals could be highly improved if physically based models defining the 
contribution of the different forest levels to scattering phase center (SPC) had been applied. Also, the 
combination of several wavelengths would allow detecting better different forest layers (i. e. canopy, 
trunks or ground). 

Several SAR-based missions with focus on remote sensing of biomass are planned for the near future. 
Hence, missions like NISAR, a dual frequency sensor combining L- and S- bands developed by NASA 
and ISRO, and BIOMASS, a quad-polarized P- band sensor developed by ESA, are expected to perform 
more accurate AGB estimates through the combination of different SAR measurements and higher 
sophistication of the sensors. Above ground biomass estimation based on Sentinel-1 data was possible 
through interferometric coherence under very stable hydrometeorological conditions. Discrete effects in 
space were reduced by averaging the measurements at a stand scale. In a similar way, temporal effects 
were reduced by averaging several images acquired in a short repeat pass interval. On the contrary, loss of 
coherence due to volumetric decorrelation made impossible indirect quantification of vegetation based on 
interferometric height. A generalized underestimation of height measurements over forested areas was the 
consequence of relevant errors in the measurements. Approach based on backscatter intensity was not 
possible either, in this case due to C-band signal saturation. However, differentiation of forested areas 
from other land coverage was possible in this case.    
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9 Annexes 
Annex 1: Field measurements 

 

Annex 1.1: Measuring DBH of a Norway Spruce sample. Picture: Matilda Cresso, April 2019. 

 

Annex 1.2: Typical aspect of a Scotts Pine (PinusSylvestris) stand. Ground wetness was notably higher. A bigger distance 
between trees was also a fact in the majority of the cases. Picture: Matilda Cresso, April 2019. 
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Annex 1.3: Typical aspect of a Norway Spruce (PiceaAbbies) stand. Vegetation density and maturity state was more advanced 
than for the visited pine stands. Picture: Matilda Cresso, April 2019. 

 

Annex 1.4: Aspect of the power grid line crossing the study area (Picture was taken on NW‐SW direction). Only vegetation 
consisted by shrubs and isolated trees could be found on this case. Picture: Matilda Cresso, April 2019. 
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Annex 4: Backscatter intensity observations at pixel level. Study stands 

 

 

Annex 4.1: Pixel‐based backscatter intensity observations for averaged backscatter measurements acquired during the 

summerstudy period. Only the selected study stands are comprehended. 

 

Annex 4.2: Pixel‐based backscatter intensity observations for averaged backscatter measurements acquired during thewinter 

study period. Only the selected study stands are comprehended. 
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Annex 5: Coherence observations at pixel level 

 

 

Annex 5.1: Pixel based coherence observations for all the images conforming the winter study period. 1,873 observations were 

randomly distributed along the forested areas along the study scene. 
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Annex 5.2: Pixel based coherence observations for all the images conforming the winter study period. The observations were 

randomly distributed only along the selected study stands. 
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Annex 6: InSAR DEM, interferometric pair I 

 

Annex 6.1: InSAR DEM characterized by a Goldstein filtering and Delaunay Minimum Cost Flow phase unwrapping covering the 

study area. The gray mask corresponds to forested areas. 

 

 

Annex 6.2: InSAR DEM characterized by Adaptive filtering and Delaunay Minimum Cost Flow phase unwrapping covering the 

study area. The gray mask corresponds to forested areas.   
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Annex 7: Backscatter intensity observations at pixel level. 

 

 

Annex 7.1: Pixel based backscatter intensity observations for all the images conforming the summer study period. 1,873 

observations were randomly distributed along the forested areas along the study scene. 
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Annex 7.2: Pixel based backscatter intensity observations for all the images conforming the winter study period. 1,873 

observations were randomly distributed along the forested areas along the study scene. 
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