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Abstract—Satellite-based snow-cover monitoring is performed
using optical, synthetic aperture radar (SAR), and passive-
microwave sensors. Effects of forest canopy on the observed signal
need to be considered with all of these sensor types. Various
models describing the interaction of electromagnetic radiation
with forest canopy have been developed, but many of these are
overly complex with high computational and ancillary data re-
quirements. However, for retrieval purposes, simple models are
preferred. This work aims at increasing the understanding of
the effect of forest canopy on remote sensing observations of
snow-covered terrain for both microwave and optical regimes and
at quantifying the capability of simple zeroth-order models in
simulating these effects. To achieve these goals, a spatial analysis
of optical, SAR, and passive-microwave remote sensing data in
the northern boreal forest region was performed. Model param-
eters for vegetation transmissivity as well as the properties of
the underlying surface were optimized by utilizing lidar-ranging-
and Landsat-based simplified proxy parameters describing forest
canopy closure and stem volume. The results demonstrated that
despite using these relatively simple proxies, a zeroth-order model
can accurately estimate the extinction of electromagnetic signals in
a forest, particularly for passive microwave and optical data. The
SAR model successfully estimated the median of the observations,
but larger scatter of the observations was reflected by a higher
root mean square error and lower correlation between models and
observations. Due to both good estimation accuracy and simplicity,
the presented models can be considered to be applicable in existing
snow retrieval algorithms.

Index Terms—Boreal forest, optical, passive microwave,
remote sensing of snow, synthetic aperture radar (SAR), snow,
transmissivity.

l. INTRODUCTION

NFORMATION regarding snow cover is essential for hy-
drological modeling, estimation of fresh water budget,
weather prediction, and climate change studies [1]-[4]. Space-
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borne remote sensing by optical or microwave instruments pro-
vides a cost-efficient tool for snow-cover monitoring globally,
regionally, and on a local scale. One of the problems that
reduce the feasibility of remote sensing is the effect of forest
canopy on the observed signal. The topic of this study was to
model and quantify these effects using a simple zeroth-order
approach, applicable for retrieval of geophysical parameters
from spaceborne observations.

The total mass of snow on the ground is usually expressed
as snow water equivalent (SWE), which describes the amount
of liquid water in a snowpack if melted. In case of patchy snow
cover, fractional snow cover (FSC) defines the percentage of
snow-covered area (SCA) from the total area. Sensor types used
in snow-cover mapping include 1) optical, 2) active-microwave,
and 3) passive-microwave sensors. The choice of the appropriate
sensor is based on the requirements and the environmental condi-
tions, such as the requested snow variable (SWE or FSC), geog-
raphical location and meteorological conditions of the observed
area, the desired temporal and spatial resolution, and the cost of
the satellite data. Available methods for snow-cover mapping
with different sensor types have been reviewed in [5]-[7].

Optical satellite sensors are typically used for FSC mapping
[8]-[17], but these can only be applied to determine whether
snow is present or not; optical imagery cannot directly differen-
tiate between deep and shallow snow. FSC estimation accuracy
is typically high [16], [18] due to the high reflectance of snow
in the optical and near-infrared (NIR) wavelengths compared
with the reflectance of snow-free ground. The good availability
of optical images from various sensors enables a high temporal
resolution of observations, although the usability of optical data
is highly dependent on cloud and lighting conditions. There-
fore, in practice, long periods cannot be observed, particularly
in frequently clouded areas with limited sunlight, such as the
Arctic and subarctic.

An alternative to the optical sensors in FSC mapping is the
use of active-microwave remote sensing, which is independent
of meteorological conditions and time of day. Synthetic aper-
ture radar (SAR) is the most common active-microwave sensor
type used in FSC mapping [19]-[21]. Due to the presence of
water in the snowpack, which increases the dielectric contrast at
the air/snow interface, the backscattering signal from wet snow
is considerably lower than the signal from snow-free ground
or dry snow. The backscattering coefficient is therefore linearly
dependent on the SCA for wet snow. The major advantage of
SAR sensors, compared with optical, is the inherent sensitivity
to cloud conditions. However, the availability of data is limited
due to the relatively narrow swath and rarity of suitable sensors.
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However, emerging satellite systems, such as Sentinel-1, sub-
stantially increase the availability of SAR data.

Passive-microwave satellite sensors are suitable for SWE re-
trieval in dry-snow conditions. Most of the SWE retrieval algo-
rithms exploit the difference between measured Th at ~19 GHz,
which is largely insensitive to scattering effects of snow, and at
~37 GHz, which is sensitive to volume scattering caused by
snow grains. The absolute difference between these channels is
positively correlated with SWE and can be exploited to produce
regional and global estimates [22]-[25]. The main advantages
in using passive-microwave sensors are good temporal resolu-
tion due to high revisit times and a large swath width, insensitiv-
ity of the microwaves to meteorological conditions and the time
of day, as well as a time series of daily observations extending
several decades [25]. However, as a main drawback, the spatial
resolution of spaceborne microwave sensors is relatively coarse
(~10-20 km), decreasing retrieval capabilities for heteroge-
neous satellite scenes. Wet snow also absorbs microwaves

efficiently, preventing the detection of SWE in other than
completely dry-snow conditions. However, wet snow can also
be exploited in passive-microwave radiometry to analyze the

onset of snow melt and the occurrence of snow clearance [26].

A large portion of areas that experience seasonal snow cover
are located in the boreal forest region. Forest cover affects the
observed signatures of both optical and microwave instruments.
The albedo of the forest canopy is considerably lower than the
albedo of snow, and therefore, forest canopy decreases the
total reflectance of the snow-covered ground [27]-[33]. In
active-microwave remote sensing with the L- , C-, or X-band
radar, the forest canopy above wet snow typically increases
the backscattering coefficient, due to volume scattering within
the canopy itself [20], [34]-[37]. In passive-microwave remote
sensing, the forest canopy attenuates emission from the snow
and ground, while adding its own contribution to the emitted
radiation. The measured brightness temperature of forested
areas is typically higher than that of snow-covered open terrain
[38]-[44]. Therefore, to correctly estimate the snow cover, it is
essential to determine the quantitative influence of forest cover
on the remote sensing signal for each sensor type.

Various models have been reported in the literature, de-
scribing both the optical and microwave properties of a forest
canopy in remote-sensing-based snow retrieval. The developed
models describing microwave interactions with vegetation can
be roughly divided into two groups: empirical and analytical.
Empirical models (e.g., [45] and [46]) aim to find a relationship
between the measured backscatter coefficient and the prop-
erties of vegetation, e.g., canopy height, canopy volumetric
moisture, and biomass, by optimizing empirical coefficients
using statistical fitting. Empirical models are relatively simple,
and the obtained accuracy for a given test case can be high,
but generalization of the models for different vegetation types
and environments is difficult. Analytical models, on the other
hand, aim to estimate the backscatter based on modeling of
the forest canopy and the interaction between vegetation and
electromagnetic waves. Incoherent analytical models [47]-[57]
consider only the intensity of the signal and need a rough
description of the forest. Coherent analytical models [58], [59]
use the intensity and the phase information of the signal and

require more detailed inputs on the properties of the scattering
media (i.e., forest canopy). Similarly, models describing the
extinction of microwave radiation have been developed for
purposes of passive-microwave remote sensing [38], [42], [44].
As discussed in [33], optical wavelength models can be
divided into three basic approaches: 1) geometrical optics (GO),
which assumes that tree canopies are opaque [9]-[11], [17],
[30], [60], [61]; 2) radiative transfer (RT) models, where the
canopy layer is considered as being partially transparent [14],
[15], [62]; and 3) hybrid models, which combine RT for consid-
ering trees and GO to account for openings between the trees
[27]1-[29], [31], [63].

Practical retrieval schemes applying Earth Observation (EQO)
data to retrieve snow-cover parameters (e.g., [15], [25], and
[64]) place stringent requirements on the compensation for
forest cover effects. The applied methodology or model cannot
be overly complex due to the inherent high requirements of
ancillary data needed by, e.g., most analytical models. There-
fore, simple models with limited ancillary data and computing
requirements are preferred for retrieval purposes. The aim of
this work was to analyze and increase the understanding of the
effect of forest canopy on remote sensing observations of snow-
covered terrain for both the microwave and optical regimes
and to quantify the capability of simple zeroth-order models
in simulating these effects under snow-cover conditions. In
particular, the research had the following objectives:

1) to consistently analyze the effect of forest canopy on
active- and passive-microwave remote sensing and optical
observations of snow-covered terrain;

2) to estimate the feasibility of a zeroth-order model in
simulating the observed forest canopy effects for all three
sensor types, using available forestry information [canopy
closure (CC) and forest stem volume (SV)] to drive the
model.

To achieve these goals, a spatial analysis of various airborne
and spaceborne remote sensing data at a dedicated test site in
the northern boreal forest region was performed. The forest
contribution was first analyzed for an optical sensor, then for
X- and Ku-band active-microwave sensors, and finally for
passive-microwave sensors ranging from X- to Ka-bands. The
models were applied in an iterative inversion scheme to retrieve
an estimate of the signal beneath the forest canopy, which was
compared with measurements made over nonvegetated terrain
in the same area. In the following sections, a short description
of the test area and the used data sets and model are given,
followed by the results of the data analysis for each sensor type
and conclusions.

Il. TEST AREA AND DATA

Data collection was performed over a test site near Sodankyla,
Northern Finland (see Fig. 1). The collected data set consists
of four different EO data sets: 1) airborne optical; 2) airborne
active-microwave; 3) spaceborne active-microwave; and 4) air-
borne passive-microwave data (see Fig. 1). In addition, airborne
light detection and ranging (LiDAR) measurements were used
to derive the forest properties, such as CC, tree height (TH),
and SV.
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Fig. 1. All analyzed data. Upper left: Location of the Sodankyl test area on
a large scale map. Lower left: Red frame shows the area that was analyzed
from the TSX acquisitions. Upper Right: Light-yellow areas were scanned by
the AISA spectrometer on 21.3.2010, and dark-purple areas were scanned by
the Helsinki University of Technology Radiometer (HUTRAD) on 17.3.2011.
Lower right: Dark-blue areas were scanned by AISA on 18.3.2010, and light-
green areas were scanned by the SnowSAR instrument on 7.2.2012. UTM
coordinates are shown on the upper-left side of the images, and the image length
in meters is shown on the lower-right side of the images.

The most prominent land cover in the region consists of conif-
erous boreal forests (mainly Scots pine), wetlands, and lakes.
The portion of Scots pine, spruce, birch, and other deciduous
trees from the total tree SV in the test area is 73.0%, 13.3%,
13.3%, and 0.2%, respectively (Finnish Forest Research Institute,
2013). In the histograms of Fig. 2, the CC, TH, and SV distri-
butions in the scanned areas of the AISA, ShowSAR, TSX, and
HUTRAD sensors are shown. Winter (December—February)
and summer (June—August) average air temperatures in the area
are —12.6 °C and 12.6 °C, respectively. Snow cover typically
persists for six to seven months during winter, and the average
snow depth at the end of March is between 60 and 80 cm
(statistics for the reference period of 1981-2010: [65]).

A. Optical Data

The optical wavelength data set was acquired with the
AisaDUAL instrument (see Table 1), which was installed in a
helicopter. The instrument combines two sensors and provides
very high spatial and spectral resolution data. The spectral
range and resolution were 400-970 and 5 nm for the optical sen-
sor and 970-2500 and 6 nm for the SWIR sensor, respectively.
The flight altitude of the helicopter was 800 m, which produced
a spatial resolution of 0.8 m on the ground. The acquired swath
width was 240 m, with acquisitions extending over several
kilometers (see Fig. 1). The campaign was carried out between
the 18th and the 21st of March 2010, in ideal weather and snow
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Fig. 2. CC, TH, and SV in the areas scanned by the different sensors. The
y-axis shows the number of observations for each CC, TH, or SV interval.

TABLE |
AISA INSTRUMENT DETAILS

Date and tme ol acquisition [R3.20000 10:05 | 21.3.2010. 10:05

UTCe UTe
Snow Depth (em) 77 83
Solar zenith angle (%) 0H8.3 67.1
Solar azimuth angle (%) 175.5 175.7
ook angle, of nadir () -85 -85 8.5-+85
Snow surface temperature (°C) | -6 -7
Adr temperature (°C) - -5

conditions, i.e., subzero temperatures and clear-sky conditions
close to the peak snow season (100% dry-snow-cover condi-
tions). On the 18th of March, the tree canopies were snow free,
and snow cover on the ground was several days old, whereas on
the 21st of March, the ground and the canopies were covered
by newly fallen snow. All measurements were carried out in
direct illumination (i.e., clear sky: 0/8 to 2/8 cloud cover). The
instrument foreoptics unit was set to look at nadir (0°) direction,
and the field of view was 17°. A more detailed description of the
AISA instrument and acquisitions has been given in [32].

AISA data were radiometrically and geometrically corrected
using ENVI software. First, the images were filtered with a mean
filter using a 12 X 12 window size, corresponding to a pixel
size of 10 m. Then, using the band-specific full-width-at-half-
maximum criterion, AISA spectral bands were aggregated to
correspond to MODIS bands 1 (red, 620-670 nm), 2 (NIR, 841—
876 nm), 3 (blue, 459-479 nm), and 4 (green, 545-565 nm).

B. SAR Data

The most comprehensive data sets in this study were space-
borne and airborne SAR data. These data were obtained within
Phase A studies of the proposed Cold Regions Hydrology



TABLE I
TSX AND SNOWSAR INSTRUMENT DETAILS

Parameter TerraSAR-X SnowSAR
Incidence angle | 331 — 34.5 35-45
%)
Frequency 9.63 (N-band) 9.6 (X-band).
(GiHZ) 17.25 {Ku-band)
Resolution up o 3m spatial Over 200 ENL over a ground
resolution surface arca of 10 x 10m
Polarization VV -+ VH VV -+ VH
Swath width 400 m
Flight altitude 1600'm
TABLE 111

HUTRAD INSTRUMENT DETAILS

Frequency [GHz] 10.65 18.7 36.5
Bandwidth [MHz] 120 130 400
Sensitivity [K] 0.6 0.3
Accuracy [K] <3 <l

0345 [°] 3 4
Footprint size [m] 37x76 49 x 101
Incidence angle [°] 45-55

Scan method Along track

Flight altitude [m] 600

High-Resolution Observatory (CoReH20) mission, one of the
candidates for the 7th Earth Explorer Core mission by the
European Space Agency (ESA) [64]. The collected SAR
data include a whole-winter time series of TerraSAR-X dual-
polarization (VV and VH) acquisitions from the winter of
2010-2013 and airborne X- and Ku-band dual-polarization (VV
and VH) data from the winter of 2011-2012, acquired with
the ESA SnowSAR instrument (see Table Il). The airborne
SnowSAR instrument was calibrated using a combination of
internal calibration standards, trihedral reflectors placed on the
test area, and a cross-comparison to TerraSAR-X observations
[66]. In this paper, a single SnowSAR acquisition from 7.2.2012
was analyzed. The TerraSAR-X time series included 17 images
from the winter of 2010-2011, 23 images from the winter of
2011-2012, and 13 images from the winter of 2012-2013. All
SAR data were resampled from their original spatial resolution
(2 m in SnowSAR and 3-5 m in TSX) to a 10-m resolution by
calculating the mean value of the pixels.

C. Passive-Microwave Data

The passive-microwave data used in this study were acquired
by the Department of Radio Science and Engineering of Aalto
University, Finland, with the HUTRAD, between the 16th and
the 18th of March 2011. HUTRAD (see Table Ill) measures
in six frequencies (6.9, 10.65, 18.7, 23.8, 36.5, and 89.0 GHz)
and in two polarizations (V and H). In this paper, frequencies
10.65, 18.7, and 36.5 GHz were examined, as these are the
most relevant channels regarding the retrieval of snow-cover
parameters. The airborne radiometer system was calibrated
five times during the campaign, ideally before and after each
measurement flight, using a two-point external calibration at

the antenna reference frame (microwave absorbers at ambient
temperature and cooled by liquid nitrogen). However, on the
last day of measurements, a calibration was performed only
after the flight. Based on the calibrations during the first two
days of operations, the estimated instrument stability was =3 K
for 10.65 and 18.7 GHz and +1 K for 36.5 GHz. The footprint
size of one sample area on the ground (spatial resolution) at
the flight altitude of 600 m, a nominal incidence angle of 50°
and considering flat ground was 37 X 76 m for the 10.65- and
18.7-GHz bands, and 49 x 101 m for the 36.5-GHz band.

D. Forest Cover Data

Airborne laser scanning (ALS) data from the National Land
Survey (NLS) of Finland was used to create CC and TH maps
in a 10-m spatial resolution. The point density of these data is at
least 0.5 points/m?, which is equivalent to a distance of approx-
imately 1.4 m between points. The scanning in the Sodankyl&
region was performed in May 2010, when deciduous trees were
still leafless. The mean vertical and horizontal errors of the
LiDAR points are up to 15 and 60 cm, respectively. The flight
altitude was 2000 m, which creates a footprint area of 50 cm
on the ground.

The first step in processing the LiDAR data was to create
vegetation height (VH) grids with a pixel size of 1 m for
CC retrieval and 2 m for TH retrieval. The VH grids were
generated first by subtracting the ground-level height (Digital
Terrain Model) from the top of VH (Digital Surface Model)
and then by converting the resulted point cloud to grids of
1- and 2-m pixel size. Points with a scanning angle exceeding
20° were excluded. The second step was to generate the CC
map from the 1-m VH grid and the TH map from the 2-m VH
grid. The CC was generated by 1) classifying pixels to either
tree or no-tree, 2) calculating the ratio between tree pixels and
all pixels inside a grid cell of 10 X 10 m, and 3) applying a
correction with respect to the scanning angle. The TH map was
generated by 1) removing low vegetation and water, 2) applying
a circle-shaped dilation (maximum) filter with a radius of
2 pixels (equivalent to 4 m on the ground), and 3) calculating the
mean height inside a grid cell of 10 X 10 m. The retrieved maps
were evaluated against corresponding Multi-Source National
Forest Inventory (MS-NFI) data [67] at a spatial resolution of
20 m. The evaluation showed good correlation between ALS-
based CC and TH and MS-NFI data (see Fig. 3).

SV was indirectly retrieved from the ALS data, by multiply-
ing CC with TH (CCxTH), and comparing it with SV from
MS-NFI data (SVms.nr) (see Fig. 4). Linear and nonlinear
exponential fitting of CCxTH to SVus.nm Was tested, and the
nonlinear fit was found to be better, which was expressed by a
fitcurve, i.e.,

SVMs-NFI = 91 (—e*0-0032ccTH)' (1)

A possible source of bias in this SV estimation can be the
presence of different tree species with a different tree structure.
If, for instance, the diameter at breast height (DBH) of one
tree species is typically larger than the DBH in other tree
species, the same CC and TH would not give the same SV.
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Fig. 4. Modeling of SV from LiDAR CC and TH. The exponential fit had a
better correlation, lower RMSE, and smaller bias (r? = 0.452, RMSE = 24.1,
bias = 3.95) compared with the linear fit (r2 = 0.428, RMSE = 29.0, bias =
16.2).

TABLE IV
DBH As A FUNCTION oF TH FOR ScoTs PINE,
NORWAY SPRUCE, AND BIRCH [68]

DBH (cm)

Tree height (m)

Seots pine Norway spruce Birch
1.3-3 224 2.07 1.31
3-5 4.30 4.33 3.00
5-7 6.50 6,50 5.00

7-4 950 9.33

11.67

16.00

7.30

9-11 13.00 10,00

11-13

18.00

Measurements in the Northern part of Sweden [68] showed
that pine and spruce had a similar relationship between TH and
DBH, whereas the DBH of birches was, on average, 58%—-86%
from the DBH of pines and spruces (see Table V). In our study
region, 86.3% of the trees are pine or spruce, and only 13.3%
are birch, and therefore, the bias due to different DBH values is
expected to be small.

LiDAR-based forest maps were used when analyzing the
data sets from AISA, SnowSAR, and TSX sensors, where the
original spatial resolution was less than 10 m (before upscaling
them to 10-m pixel size). In the HUTRAD data analysis, MS-

RiAL AL

Fig. 5. Different (a) brightness temperature, (b) backscatter, and (c) reflectance
contributions to the total radiation, which are considered in the models of
this study, in (7), (8), and (9). (a) Passive microwave. (b) Active microwave.
(c) Optical.

NFI forest data were used because their spatial extent was larger
than the spatial extent of the LIiDAR forest maps, and they
covered all HUTRAD scanned areas. Moreover, for HUTRAD,
there was no need for forest maps in higher spatial resolution
than 20 m. The pixel size in the optical and SAR analyses
was thus 10 m, whereas in the passive-microwave analysis, it
was approximately 37 X 76 m for the 10.65- and 18.7-GHz
bands and 49 x 101 m for the 36.5-GHz band. The MS-NFI
forest data used in the passive-microwave analysis were there-
fore averaged to the HUTRAD resolution, which is why it has
relatively less large values, e.g., CC higher than 15% and TH
higher than 12 m, as shown in Fig. 2. Zero values (treeless
areas) were included in the histograms, and therefore, the
lowest CC, TH, and SV interval was typically the highest.

I1l. METHODOLOGY

Simplified zeroth-order models of the RT equations were
applied to simulate the influence of the vegetation on the
observed optical reflectance, microwave backscatter, and mi-
crowave emissivity. The components forming a zeroth-order
forest model in each case are shown in Fig. 5.

A similar approach has been previously applied in the case of
active and passive microwaves in, e.g., [35], [36], and [69] and
in the case of optical data in [14], [15], and [33]. In this paper,
the one-way transmissivity of the forest canopy is assumed to
be exponentially related to the total extinction, so that

_ a—KeFP/cos6
1:one-way =e€ Ke

=e % )

where Ke is the canopy extinction coefficient, k', is the effec-
tive canopy extinction coefficient (canopy extinction coefficient
divided by the cosine of the observation angle 8), and FP is a
parameter describing the physical properties of the vegetation



canopy (CC or SV in this study). In the optical and SAR
models, two-way transmissivity is used, as the radiation passes
through the forest canopy twice, i.e., once when propagating

FroPadRBnGHaHPMSGHIGRAR THE sEFRUPL AN ASRIBN ¥ERB

ground interface. In the SAR model, the two-way transmissivity
is considered as the one-way transmissivity defined in (2) to
the second power, as the incoming and outgoing angles are the
same (forest canopy conditions are considered equal for both
propagation paths), i.e.,

_ 42
ttwo-way,SAR - tone-way
/
A" 2Ke,SARFP (3)

However, in the optical model, the incoming angle 6, and

outgoing angle Bsengor are different, and therefore, the two-way
transmissivity is defined as

KeFP KeFP
towo-way,0PT = e—;:fs Bsun ~ cos Bsensor
=e e, OPTFP (4)
where
| ke L \
Keopr = 2 €0SBsun  cos Bsensor ©)

The RT model for mixed forested and open-area observations
is expressed as

Qiotal = FFQgorest + (] - FF)aground (6)

where the forest fraction (FF) represents the fraction of forests
in the sample area and can be between 0 and 1, Qo represents

the total measured radiation at the sensor, and Grorest represents

the radiation from forested areas and Qgroung radiation from

open areas. However, in this study, the model considers a
sample area as being entirely nonforested or entirely forested
with changing CC or SV; hence, the forest fraction for each
sample area is considered to be either 0 (nonforested) or 1 (en-

tirely forested). Regarding the optical and the active-microwave
models, this assumption is acceptable because the pixel size
was only 10 X 10 m after upscaling from the original resolution
of 0.8 m in AISA, 2 m in SnowSAR, and 3-5 m in TSX.
However, in the passive-microwave model, where the footstep
size was 37 X 76 m for 10 and 18 GHz and 49 X 101 m for
36 GHz, the FF would often be somewhere between 0 and 1.

Therefore, in the passive-microwave model, only samples with
FF lower than 0.1 (nonforested) and higher than 0.7 (forested)
were included in the analysis.

Next, the zeroth-order models for optical [see (7)] as well as
active [see (8)] and passive [see (9)] microwave observations
are described. The first term in (7)—(9) determines the contri-
bution of snow on the ground, and the second term determines
the contribution of the forest canopy on the observed signal.
The third term in (9) determines the downwelling emission of
the tree canopy, which is scattered from the ground toward the
Sensor.

A. Optical Forest Model

When applied for optical data, the zeroth-order total reflec-
ta@c? p observed above thg forest canopy can be expressed as
p K

canopy

e,0pTs P MO, p =t
+ (] - ttwo-way,OPT)pcanopy (7)

where pgow is the reflectance of the snow (on the ground),
and Pcanopy is the reflectance of the canopy. The model thus
neglects multiple scattering components, e.g., scattering in the
atmosphere or between ground surface and the canopy layer.

two-way,OPT
now

B. Active-Microwave Model

Applying an analogous model as presented in (7) for the case
o%r(]icrowavggackscatter gives
e,SAR?’ W y = t  -way,SAR 0
OSHOW
two (8)
+ (1 - ttwo-way,SAR)oic);anopy

where 0V is the total backscatter, 0° is the backscattering co-
snow

| sno canop

0 K

efficient of the snow/ground, and 0%, is the backscattering
coefficient of the forest canopy. Optical and SAR thus behave
both as active systems, where the radiation beam passes through
the canopy layer twice. Multiple reflections and scattering
effects between interfaces are neglected.

C. Passive-Microwave Model

For the passive-microwave sensor, one-way transmissivity
(t) is used instead of the two-way transmissivity (t?), because

the radiation passes through the forest canopy only once. A
third component is also added to the model, i.e., the emission
of the canopy toward the ground, which is scattered from the
ground to the sensor. The model for the passive-microwave case
can be expressed as )

T (KE,PM , TB,SHOW1 Tcanopy
= tone-wayTB,snow + (1 — tone-way)-rcanopy

+ (] - tone-way)rtone-weny Tcanopy (9)
where r is the reflectivity of the ground/snow approximated by
1:B,snow
r=1-— . (10)
270

The passive-microwave zeroth-order model neglects the ef-
fects of other multiple reflections between, e.g., the atmosphere,
the forest canopy, and the ground surface. Moreover, volume
scattering within the canopy and scattering within different
layers of the ground system are omitted.

D. Inversion Method

A numerical inversion method was implemented to the for-
ward models for vegetation described in (7)—(10) to retrieve the
ground-level signal beneath the forest canopy, i.e., Psnow,ret:
os(.)now,ret: and Tgsnowret (presented in (7)-(10) as: Psnow
ognow, and Tgsnow), free of the influence of vegetation. The
method, applied in the literature for both optical and SAR data
(e.g., [15] and [21]), exploits a large number of observations to
iteratively fit the model against a suitable parameter describing
vegetation properties. The free parameters in the optimization
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effectively yield the required parameter, i.e., the signal emanat-
ing from beneath the forest canopy. In this paper, models were
fit to the observational data using the method of least squares,
minimizing the cost functions given in (11), shown at the top
of the page, where FP refers to the used forest parameter
(CC or SV), and i refers to the CC or the SV class. Three
free parameters were applied in each model, whereas the FP
was obtained from ancillary data. Free parameters considering
the optical model were the contribution of open (nonforested)
areas Psnow,ret aNd CANOPY Peanopy 10 the upwelling radiation
as well as the canopy effective extinction coefficient k' o
Correspondingly, the three free parameters in the SAR model
WETE Ogow.ret:  canopy aNd Kb sar and those in the passive-
microwave model were Tg snow,ret, T canopy: and K'e’pM.

The remote sensing observations were stratified into 10-12
CC classes or SV classes, depending on which one of the forest
parameters was used in the model. The first class included
observations where CC or SV was zero, the second class
included observations where 0 <CC <= 7or0<SV<10.
For all the following classes, the increase was 7 for CC and 10

for SV. Foreach CC or SV class, the mean or median reflectance
(Pobs,median,i), backscatter (o‘f)bs’median’i ), and brightness tem-
perature (Tg obsmediani) Values were calculated. The models
were then fitted to the mean/median values of the selected CC
or SV class. In case of SAR and optical data, minimization of
(11) was performed against the median of observed values to
minimize the effect of occasional very high or low backscat-
ter/reflectance. In the passive-microwave observations, the stan-
dard deviation of the brightness temperature was relatively low,
and therefore, the minimization was performed against mean
values.

For all sensor types, the inversion was performed for both
FP = CC and FP = SV. In the optical and SAR analyses, the
forest data were derived from the LIiDAR data, and in the
passive microwave, the forest data were derived from the MS-
NFI data, as explained in Section 1I-D. For model validation,
the true contribution of the snow ground system in open ar-
eas (Dsnow,obs: Tonow.obs: AN T snow.obs ) Was also computed
based on the observations, by calculating the median (optical
and active-microwave data) or mean (passive-microwave data)
value of all observations where CC or SV was lower than 0.1.
This inversion method can also be applied in actual implemen-
tation of the models for snow retrieval, providing that snow
cover and vegetation transmissivity properties are considered
to be constant over the area of interest. An analogous inversion
process is applied for SAR data, e.g., in [21] and [36].

Some land cover areas that had a distorting effect on the
signal were omitted from the analysis. For this purpose, land
cover information was extracted from the Finnish Corine Land

Cover 2006. In the passive-microwave analysis, an observation
was not included if more than 20% of the footprint area was
over urban areas or water bodies. In the SAR data analysis, only
urban areas were removed. In the case of optical data analysis,
however, all data points were included in the analysis due to the
inherent high resolution of the data.

IV. RESULTS

The forest models described in (7)—(9) were fitted to the ob-
servations of the optical (AISA), active-microwave (SnowSAR
and TSX), and passive-microwave (HUTRAD) observations, re-
spectively, using the inversion process explained in Section I11
[see (11)Y. The inversion provufed an estimate of the signal (re-
flectance, backscattering, or brightness temperature) emanating
from beneath the forest canopy. The statistical fit of the model
against the spread of observations with varying vegetation cover
was analyzed. Furthermore, the retrieved estimate of the ground-
level signal was compared with measurements over nonveg-
etated terrain. For all sensor types, the model inversion was
performed against the two forest parameters, i.e., CC and SV.

A. Optical

Results of the optical forest model are summarized in Table V
in terms of RMSE, bias error, coefficient of determination (r?)
between estimates of the model against observations, and the
difference between observed and retrieved snow reflectance.
The errors and correlations were about as high when using
FP = CC or FP = SV. Moreover, the differences between re-
trieved and observed snow reflectance were similar. The results
of the optical model for the AISA acquisitions from the 18th to
the 21st of March 2010 are presented in Fig. 6 for four spectral
bands. The retrieved values of Dsnow,rets Pcanopy, and K'e,OPT
for the model in (7) are shown. For the first day of observations,
snow reflectance values Pspow,obs Detween 0.80 and 0.88 were
retrieved, whereas observed reflectance values over nonvege-
tated terrain Psnow,obs Showed reflectance values between 0.82
and 0.9. For all four bands, Psowret Was thus very close to
Psnow,obs: FOr the second day of observations, Psnow ret Was
also very close t0 Psnow,obs or all four spectral bands. All
retrieved and observed reflectance values were higher in the
second day of observations due to the newly fallen snow, with
the exception of Psnowobs @aNd  Psnowret fOr the NIR band.
The mean r? value between modeled and observed reflectance
was 0.74 for the first day as well as for the second day of
observations, indicating that the model was well able to capture
the dynamics of the reflectance signal with changing forest
canopy conditions. The lowest correlations were observed on
both days for the NIR spectral band.



TABLE V
RESULTS OF OPTICAL MODEL ESTIMATES AGAINST AIRBORNE AISA SPECTROMETER OBSERVATIONS
(RMSE, BiAs, COEFFICIENT OF DETERMINATION, AND THE DIFFERENCE BETWEEN THE RETRIEVED AND
THE OBSERVED SNOW REFLECTANCE IN OPEN AREAS) AT FOUR SPECTRAL BANDs (BLUE: 459-479 um,
GREEN: 545-565 pym, RED: 620-670 um, NIR: 841-876 pum) WHEN UsiNG FP = CC AND FP = SV

Date | Band e - SV -
RMSE | bias r Psnow,obs — Psnow,ret RMSE bias 2| Psnow,obs— Psnowiret

Blue | 0.123 0.0009 0.79 |0.02 0.121 -0.0043 [ 0.79 | 0.02

183 Green | 0.126 0.0016 0.78 | 0.02 0.123 0.0009 0.78 | 0.03
Red 0.125 0.0022 0.76 | 0.02 0.123 -0.0021 | 0.77 | 0.02
NIR | 0.137 0.0011 0.62 |0.02 0.134 0.0018 0.64 |0.02
Blue | 0.127 -0.0042 0.72 | 0.00 0.125 -0.0053 [ 0.73 | 0.00

513 Green | 0.136 -0.0101 0.73 | 0.00 0.133 -0.0080 | 0.74 | 0.01
Red 0.128 -0.0097 0.80 | 0.01 0.125 -0.0092 | 0.81 | 0.02
NIR | 0.119 -0.0142 0.71 | 0.00 0.114 -0.0071 [ 0.73 | 0.02

AISA, 18.3.2010, Blue (459-479 pm) AISA, 21.3.2010, Blue (459-479 pm) B. SAR

AISA, 18.3.2010, NlR (341 -876 pm)
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Fig. 6. Modeled spectral reflectance and airborne AISA observations as a func-
tion of CC in March 2010. The median and STD of discretized observed values
as well as the model fit are depicted. The median of the observed reflectance
values over nonforested areas, the modeled effective extinction coefficient, and
the coefficient of determination between the observations and the model are
also given.

Table VI summarizes the estimates of the active-microwave
forest model against the observations of SnowSAR airborne and
TSX spaceborne sensors. The results show very similar model
performance when using CC and SV as the descriptive param-
eter for forest characteristics (FP). However, in all bands and
polarizations, the coefficient of determination r? was always
slightly higher and the RMSE lower when using CC as the
forest parameter. The model performance was therefore slightly
better when using CC.

Model estimates of backscattering against forest CC are
depicted with observations from the SnowSAR acquisition on
7.2.2012 in Fig. 7 for all four SnowSAR channels. The ob-
served backscattering over nonforested areas is also marked for
each channel. Similarly as reflectivity values given for optical
spectrometry results in Fig. 6, 03, s Oives the median
of the measured backscatter directly over nonforested pixels,
whereas a?now‘ ret indicates surface backscattering predicted by
the model fit. The correlation (r?) is generally lower than for the
optical forest model; this is largely explained by the relatively
large scatter of the airborne SAR observations due to speckle.
Model estimates follow well the median of the observations,
with model bias typically not larger than +0.2 dB, but the
standard deviation of the observed value was typically high
(2-3 dB). The model estimate of ground surface backscatter
can be seen to match well the measured values over open
terrain, particularly for the Ku-band. Slight discrepancies can
be observed at the X-band. A possible reason contributing to the
discrepancy is differing soil characteristics, such as permittivity
and roughness in forested and open terrain. These are known to
significantly affect the level of backscattering (e.g., [70]). At
the X-band, these effects may be more prominent due to the
increased signal penetration in dry snow, compared with the
higher frequency Ku-band signal.

Examples of model fits to three selected TSX acquisitions
are shown in Fig. 8, illustrating the complexity of the interac-
tions between soil and snow conditions and the forest canopy.
The acquisition from 25.11.2011 is from the beginning of the
snow season, when the ground was covered with a thin layer
(5 cm) of dry snow. The acquisition from 10.2.2012 represents



TABLE VI
RESULTS OF ACTIVE-MICROWAVE FOREST MODEL ESTIMATES AGAINST SNOWSAR AND TERRASAR-X OBSERVATIONS
(RMSE, BiAs, COEFFICIENT OF DETERMINATION, AND THE DIFFERENCE BETWEEN THE RETRIEVED AND THE OBSERVED
SNow BACKSCATTER IN OPEN AREAS) WHEN UsING FP = CC AND FP = SV. ALL AvAILABLE TSX IMAGES BETWEEN
THE 1ST oF DECEMBER AND THE 30TH OF APRIL (WHEN THE GROUND WAs CoVvERED WITH SNow) WERE TAKEN INTO
ACCOUNT WHEN CALCULATING THE STATISTICAL AVERAGES. RMSE AND Bias WERE CALCULATED IN DECIBEL UNITS

cC SV
Sensor Band | Pol RMSE bias r2 Gosnm\.obs - 605110\\.rcl RMSE bias 1,2 Gosnow_obs _ GOSIIOW.TCl @)
(dB)
X VV | 2.80 -0.054 [ 044 |-0.36 2.84 -0.100 | 042 | -0.36
SnowSAR X VH | 2.50 0.435 041 |-0.69 2.54 0.305 0.38 | -0.69
now
Ku VV [ 275 -0.176 [ 0.35 [ 0.05 2.78 -0.184 | 0.33 [ 0.05
Ku VH | 2.03 0.079 0.48 | 0.00 2.09 -0.022 | 0.44 | 0.00
— X VV [ 1.85 -0.15 036 |-0.74 1.82 0.030 035 | -0.15
erra! -
X VH | 1.80 -0.11 043 |[0.75 1.80 0.097 041 |-0.14
SnowSAR KuVH, 07.02.2012 SnowSAR KuWV, 07.02.2012 TSXVH, 25.11.2011 TSX VV, 25.11.2011
-10i- 0[ .10[ 4l
| 12
| | P i T l !
-15}[ s + 51 ‘L ' ] 8l
s o e IR SO e e e i A6+ ; T i
N AT oL S
1 & A o 12 L
o‘:' 201 10, P o, 20, 12,,-' 1 ‘1 l l l [ ‘ l
: E o 147
_Modes _Model “| M%ns  1e) Hoset
-25¢ ‘ O median  std el _1212.6 15, O medan £ std o -6.120 8 -24 O median £ std nUT': -168 O median £ std ﬂﬁ‘“:-m’ﬂ -10.9
[ model 20023 | s model 'L 0,030 | wememeees model K 20036 AB e odel 20080
| # ol =218 .-2: 048 i # ol =108 pzz 035 '26[ * ol =211 =038 0t # o =134  2apm
30 - 20l -28 L ] i
0 20 40 80 0 20 40 60 20 40 60 0 20 40 60
SnowSAR XVH, 07.02.2012 SnowSAR XVV, 07.02.2012 TSXVH, 10.02.2012 TSX W, 10.02.2012
10 0[ -10[
: 3 i 12| ) ; |
i I | i 14 f | |
157 5 il B e e A i .
& %% B i ¢ g 18 |~ R
2 20 g 10 = | =
% :i/ Y" 1 : % -20;
. Modet "5 L JModel: 221 oot o Model:
25 2 i Sgpn '245'? 15% iy i “;w_:?'?'z 24l Y O medianzstd & qam median + sid L sy
T e | o o o | o koo “mese 0w
+ o =254  2ogat # ol =146 =044 e * =209 F=048 =132 A2045
BNOW, 086 ' S ObS * -25
=30 =20
g = a0 o 2 2 54 = Ti‘?x VH 2?‘;?1 2012 - ' Tzsoxw 2?‘::(1 2012 -
CC (%) CC (%) 10 h2(.04, L 27.04.
-4
Fig. 7. Modeled backscattering in decibel units against observations from 12 &

SnowSAR acquisition as a function of CC on 7.2.2012. The median and STD of
discretized observed values in decibel units as well as the model fit are depicted.
The median of the observed backscatter over nonforested areas, the modeled
effective extinction coefficient, and the coefficient of determination between
the observations and the model are also given for each channel. Top row: KuVh
and KuVV channels. Bottom row: XVH and XVV channels.

mid-winter conditions, when dry snow covered the ground and
the tree canopy. This was also temporally the closest TSX ob-
servation to the analyzed SnowSAR acquisition from 7.2.1012.
The acquisition from 27.4.2012 represents a case at the begin-
ning of the melting season, when the canopy was free of snow
and the ground was covered with wet snow. For the 25.11.2011

and 10.2.2012 acquisitions, both o‘;now’obs and o?now‘ret were
relatively stable (to within 0.2 dB for both copolarization and
cross-polarization indicating stable surface conditions). The
effect of wet snow, presenting a low backscattering coefficient,

is clearly seen as decreased o‘s’no\,\,yobs and o?now,ret in the
27.4.2012 acquisition. The effect from forest canopy, however,

is clearly different between the 25.11.2011 and 10.2.2012
acquisitions. The level of backscattering presented by dense
canopy (> 40% CC) is —10.9 and —16.8 dB for copolarization
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Fig. 8. Three examples of model estimates against TSX acquisitions. The
median and STD of discretized observed values in decibel units as well as
the model fit are depicted. The median of the observed backscatter over non-
forested areas, the modeled effective extinction coefficient, and the coefficient

of determination between the observations and the model are also given for

each channel. The 25.11.2011 acquisition (top row) represents the beginning

of the winter, when the snow layer is thin. The 10.2.2012 acquisition (center
row) represents a typical winter snow condition, when the ground is covered
with deep dry-snow layer. The 27.4.2012 acquisition (bottom row) represents
melting season snow conditions, when the ground is covered with wet snow.

VH-pol (left column) and VV-pol (right column).

and cross-polarization, respectively, for the 25.11.2011 acqui-
sition. This level increased to —7.7 and —14.8 dB, respectively,
for the 10.2.2012 acquisition.



Fig. 9. Photographs showing the snow conditions in Sodankyl& on the same day as the selected TSX acquisitions in Fig. 8. At the time of the acquisition
on 25.11.2011 (left), the temperature was a few degrees below 0 °C, and snow depth was 5 cm; on 10.2.2012 (middle), the temperature was below -15 °C,
snow depth was 51 cm, and snow existed on the tree canopy; on 27.4.2012 (right), the temperature was a few degrees above 0 °C (wet snow), and snow depth

was 61 cm.

Fig. 9 shows photographs taken from an automatic mast cam-
era over the test area in Sodankyla from the same dates as the
three TerraSAR-X acquisitions presented in Fig. 8. Itcan be seen
that on 25.11.2011, the forest canopy was largely bare, whereas
on 7.2.2012, the canopy was covered by accumulated snow.

The scattering of the TSX observations was smaller than the
scattering of the SnowSAR observations, but still fairly larger
than in the optical observations. The RMSE between the model
and the TSX observations was typically smaller than =2 dB.
The active-microwave forest model estimates follow well the
median of the observations also in the case of the TSX sensor.

In Fig. 10, results of the TSX acquisitions are summarized in
terms of a time series of the observed and modeled o?, ', and
correlation between model and observations (r?). In situ mea-
surements of air temperature at 2-m height, soil temperature at
2-cm depth, and snow depth are also presented for the same
time periods. During the snow season, the modeled canopy
backscatter contribution was clearly higher (up to 7- and 8-dB
difference for V- and VH-pol, respectively) than the con-
tribution of nonforested surface (snow), but before, or in the
beginning of the snow season when the snow layer was still very
thin, the backscatter contribution of canopy and ground/snow
were almost the same (up to 1- and 3-dB difference for VV-and
VH-pol, respectively), particularly at VV-pol. Consequently,
during this period (before, or in the beginning of the snow
season), the correlation between the model and observations
was considerably lower (up to 0.35) than in the middle of the
snow season. In the snowmelt season with wet-snow conditions,
mostly the ground/snow backscatter 0%, re; @nd, in some ex-
tent, also the canopy backscatter 0%, were lower than 03 ., et
and 02, in dry-snow conditions (ground/snow: up to 8- and
4-dB difference between wet- and dry-snow conditions for
VV- and VH-pol, respectively; canopy: up to 4- and 2-dB dif-
ference for VVV- and VH-pol, respectively), and the correlation
between the model and observations was as high, or even higher
(up to 0.1 higher) than in the dry-snow season. Acquisitions
with wet snow can therefore be recognized from sharp de-
crease of backscattering from nonforested surface, particularly
in VV-pol. The modeled effective canopy extinction coeffjcient

o« Was typically higher when the difference between o,, and
ﬁsnow ret Was small with the exception of wet-snow condi-
tions, where k', was low regardless of the small difference

between o2,, and agnowyret. The performance of the model
was generally better with cross-polarization than with copolar-
ization SAR, as the correlation between observations and the
model with cross-polarization was typically higher (bottom row
in Fig. 10).

C. Passive-Microwave Systems

Inversion of the passive-microwave model [see (9)], per-
formed using the method outlined in Section I11-D, was
analyzed against airborne HUTRAD observations. Results
comparing the statistics of model estimates to observations are
summarized in Table VI, including the comparison of retrieved
Tg.snow,ret 10 Tgsnowobs IN NONvegetated areas. When using
FP = CC in the model, the RMSE was typically larger, and
the correlation was lower than when using SV. However, these
differences were marginal, and the overall model performance
was nearly the same when using CC or SV, although SV has
been mainly used in previous studies [38], [44].

Fig. 11 shows the observed and modeled brightness tem-
perature for 10.65, 18.7, and 36.5 GHz, H- and V-pol, when
using FP = SV. Parameters required to achieve a fit of the
model, i.e., retrieved values (Tgsnow,rets Tcanopys ePM) are
also displayed. The best correlation, in terms of calculated r?
values, was achieved for the two higher frequencies. This was
largely due to the overall higher dynamics of the observed
signal on these channels; the lowest correlation was observed
for 10.65 GHz, V-pol, which showed also the weakest overall
dynamics in the signal against vegetation conditions (SV). The
results indicate that the presented zeroth-order model may not
be applicable for the 10.65-GHz V-pol; the estimated total
extinction for this channel was unrealistically high, indicating
that the fit procedure yielded unsatisfactory results. Retrieved
values of Tgsnow ret reflected well the values observed over
nonforested terrain Tgsnow,obs, differing maximum 2 K for
all observed channels. The resulting model predictions against
forest canopy [see (9)] was compared with previous studies
by replacing the one-way transmissivity [see (2)] by the trans-
missivity modeled in [38] and [44], while applying identical
(measured) contributions for Tg snow,obs: Transmissivity for
H-pol at 36.5 GHz was not provided in [38], and transmissivity
for 10.65 GHz was not provided in [44]. Generally, the models
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Fig. 10. (Top row) 2-m air temperature and 2-cm soil temperature during the observed periods in the test area. Second row from the top: Snow depth. Third row
from the top: Backscatter of nonforested surface (snow or/and ground) based on observations (Gosnow,o) and model predicted backscatter of nonforested surface

(ognowyret) and canopy (0%,,,) for VV-pol in decibel units. Fourth row from the top: Same for VH-pol. Fifth row from the top: Effective extinction coefficient

(k) for VW-and VH-pol. Bottom row: Coefficient of determination (r?) between observed and modeled backscatter. The vertical dashed lines show the timing
of the TSX acquisitions.

TABLE VII
RESULTS OF PASSIVE-MICROWAVE FOREST MODEL ESTIMATES AGAINST AIRBORNE HUTRAD RADIOMETER OBSERVATIONS
(RMSE, BiAs, COEFFICIENT OF DETERMINATION, AND THE DIFFERENCE BETWEEN THE RETRIEVED AND THE OBSERVED
SNow BRIGHTNESS TEMPERATURE IN OPEN AREAS) WHEN UsING FP =CC AND FP =SV

CcC SV
Band Pol _ _
an o RMSE bias 1'2 TBAsno“Aobs RMSE bias l_2 TB,snow,obs
TB.snow.ret TB.snow.ret
vV | 133 -0.072 [ 0.09 |0.8 1.20 0.008 0.15 0.5
10 GHz
H [221 0.008 072 |-04 221 0.100 0.72 -0.7
vV | 189 -0.005 [0.75 [0.0 1.79 0.090 0.78 -0.1
18 GHz
H |3.32 0.042 0.82 |[-0.1 321 0.141 0.83 -0.8
V | 848 0.093 084 |14 8.00 0.126 0.86 1.0
36 GHz
H | 10.54 0.116 084 |19 10.00 0.154 0.86 1.2
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Fig. 11. Model estimates of brightness temperature versus airborne HUTRAD
observations at 10.65, 18.7, and 36.5 GHz, H- and V-pol, as a function of
SV. The mean and STD of discretized observed values as well as the model
fits are depicted. The mean observed brightness temperature over dry non-
forested areas, the modeled effective extinction coefficient, and the coefficient
of determination between the observations and the model are also given for
each channel. As a reference, the model [see (9)] was tested by replacing the
transmissivity with the transmissivity modeled in [38] and [44].

in [38] and [44] gave a lower brightness temperature with
increasing SV, compared with the fitted model provided here.
An exception was the 18.7-GHz band V-pol, where the model
in [44] provided a close fit with observations and the model of
this study, and 10.65-GHz V-pol, where the model fit provided
nonoptimal results.

V. CONCLUSION

In this paper, simplified zeroth-order models have been ap-
plied to simulate forest canopy effects on both optical and
microwave remote sensing observations of snow-covered ter-
rain. The models were tested against an experimental data set
consisting of airborne and spaceborne observations over a test
site in the northern boreal forest zone. Models were inverted
using a numerical approach, by means of optimizing the model
parameters for vegetation transmissivity as well as properties of
the underlying surface against a large number of observations,
providing a retrieved value for the signal level beneath the

forest canopy. Simplified proxy parameters describing forest
characteristics, namely, CC and SV, were derived from LiDAR
scans of the test area. When successful, such an inversion
allows the separation of forest contribution to the observation,
which enables to single out the contribution of the medium
beneath the canopy, which is the parameter sought by many
applications of EO. Compared with more complex analytical
models, simple zeroth-order models present minimal computa-
tional and ancillary data requirements and are therefore optimal
for large-scale EO retrieval schemes. Similar model inversion
has been previously applied successfully in, e.g., optical remote
sensing of the SCA [15], [33], [71] and in SAR data analyses
[20], [21], [36], [72].

The comparison of model estimates to observational data
demonstrated that for the investigated microwave frequency
bands and optical wavelengths, a zeroth-order model can es-
timate the range of extinction properties of electromagnetic
signals in a boreal forest canopy to a high degree of accuracy.
In particular, model estimates showed a high degree of correla-
tion against HUTRAD passive-microwave and AISA airborne
optical data, with r? values ranging from 0.7 to 0.9, depending
on the observation spectral band and the day of observation (not
including the 10-GHz band in passive microwave and the NIR
band in optical). Moreover, for all sensor types, the retrieved es-
timate for the signal at the ground/snow level, beneath the forest
canopy, was very close to the values observed for open terrain.
This provides an indication that the demonstrated methodology
can be used to compensate for effects of the forest cover, when
investigating, e.g., properties of snow cover or soil.

The active-microwave model was able to successfully esti-
mate the median of the observations, i.e., the bias was small,
but the larger scatter of the observational data, typical for
active-microwave sensors, was reflected by higher RMSE and
lower correlation between the retrieved model and the observed
values. Specifically, the SnowSAR airborne X- and Ku-band
observations exhibited a high degree of variability due to obser-
vation speckle. An analysis of TerraSAR-X time series revealed
some seasonal trends in the retrieved model fit parameters.
That is, the backscattering contribution of the ground/snow
was similar both in the retrieved model as well as for direct
observations over nonforested terrain. This is again highly
encouraging as it demonstrates that possible changes in canopy
conditions were sufficiently addressed by the considerations of
the zeroth-order model, despite radical changes in, e.g., snow
conditions both in the ground/snow and on the forest canopy
(see Figs. 8 and 9). In terms of r? values between the model
and observations, reasonable correlations (up to over 0.7) were
achieved during the dry-snow season and in early snowmelt
season. In the early snow season and under advanced snowmelt
conditions, the correlations were reduced (r? values under 0.5).
As stated, these values reflect an overall larger scatter of the
SAR observations when compared with both optical and pas-
sive microwave, which this is largely due to speckle effects
typical for active-microwave measurements.

Model performance against airborne passive-microwave ob-
servations also showed a high correlation (up to 0.9) for two
higher frequency bands observed (18.7 and 36.5 GHz). For a
lower frequency (10.65 GHz), correlation was reduced, which



is largely due to the inherent insensitivity to vegetation at
this frequency band. The vertically polarized signal at this
frequency showed possibly the effect of soil brightness temper-
ature reflected from vegetation trunks; this hypothesis, however,
requires further investigation. Nevertheless, ground/snow con-
tribution (brightness temperature) from model inversion was
very close to values observed over nonforested terrain for all
frequency bands and both polarizations. SV has previously
been used when modeling the effect of forest canopy on snow
retrieval with passive-microwave sensors [38], [44]. However,
here, the model performance when using CC as the forest
parameter was nearly as good as when using SV. CC can
therefore act as a good alternative to SV when the latter is not
available. Although a retrieval method analogous to that applied
in the case of optical and SAR data for snow parameter retrieval
is not directly applicable for satellite microwave radiometer
observations, which is mainly due to the coarse resolution of
spaceborne sensors, the results show that zeroth-degree models
have the potential to simulate the extinction properties of a
typical boreal forest canopy, without the necessity of account-
ing for higher-order scattering effects. This study indicates
some discrepancies against the models published in [38] and
[44], which is widely applied in snow parameter retrieval
algorithms, such as those in [24], [25], and [73] (see Fig. 11).
Thus, following the results obtained here, a possible revision
of the currently used inversion algorithms (also operational) for
the mapping of SWE from spaceborne microwave radiometer
data is required.

The results are of high relevance concerning practical appli-
cations for retrieval of snow-cover properties from EO satel-
lites in the northern Hemisphere. Forward models applied in
retrieval algorithms need to be relatively simple in nature due
to both computational restrictions and, in particular, ancillary
data requirements. Compared with models of higher order, the
presented zeroth-order models satisfy both of these require-
ments. Furthermore, it was shown that a single parameter or
proxy value describing the forest properties (either SV or CC)
provided the necessary correlation with the observed signal
dynamics, required to fit the models to observations. This is par-
ticularly encouraging as it implies that forest canopy effects can
be regulated in retrieval algorithms even if complex multiple
scattering effects are neglected; furthermore, compensation for
canopy effects can be made using data that are already available
or can be retrieved from other remote sensing observations.
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