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The circum-Arctic transitional zone between forest and tundra, i.e. the treeline zone, is shifting northward due to
current Arctic warming and, therefore, requires systematic monitoring. Up to now, radar remote sensing was
hardly possible in the treeline zone due to spatial resolution and/or temporal decorrelation constraints of preceding satellite missions. The unique constellation of the TanDEM-X satellites with its bistatic mode and very
high spatial resolution opens up opportunities for monitoring small (≥0.01 km2) and isolated patches of very
sparse forest which are typical for the transitional zone. We focused on an area at the northern edge of the
treeline zone in the Northwest Territories, Canada, and evaluated the potential of TanDEM-X bistatic data to
characterize the tree height in the forest patches in this region. TanDEM-X data were acquired during the
TanDEM-X Science Phase in 2015, when the perpendicular baseline was large (corresponding to the height of
ambiguity of approximately 14.6 m) and kept constant. We employed TanDEM-X backscatter, bistatic coherence,
and interferometric height from the stack of seven multitemporal bistatic pairs and compared them to maximum
vegetation height obtained from full-waveform airborne LiDAR data. We found strong linear relationships between all TanDEM-X metrics and LiDAR vegetation height within the forest patches with r = 0.67, r = −0.69,
and r = 0.78 for the backscatter, coherence, and interferometric height, respectively. Furthermore, we extracted
the position of individual trees from the LiDAR data and estimated tree density as the number of trees per unit
area. The linear relationships between all TanDEM-X metrics and the tree density were very weak. The relationships between all TanDEM-X metrics and tree height diﬀerentiated for three tree density classes (low,
medium, and high) remained strong. Random forests regression using all three TanDEM-X metrics predicted the
tree height with a mean absolute error of 0.7 m (mean forest height in the study area was 2.5 m). CoSSC pairs
were generally consistent with each other and the multitemporal averaging slightly improved the performance
compared to single pairs. Taking into account the global coverage of bistatic TanDEM-X data acquired for the
global digital elevation model, our results show a potential for quantifying the tree height in small forest patches
along the circum-Arctic treeline zone.
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1. Introduction
The circum-Arctic treeline (or forest-tundra transition zone) is the
longest vegetation transition zone on Earth; it extends for > 13,400 km
around the North American and Eurasian continents. The position of

the treeline has shifted northward in the past in response to a warming
climate, e.g. during the Holocene Climate Optimum (e.g. MacDonald
et al., 1993). The current Arctic warming is expected to result in a
northward advance of the treeline by > 500 km during the 21st century
(Callaghan et al., 2005) as trees and shrubs encroach on the tundra
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(Montesano et al., 2016).
The bistatic SAR mode typically employs two satellites ﬂying close
to each other; one of the satellites transmits the signal, and both satellites receive the echo simultaneously. Such a mode removes most of
the temporal component of decorrelation and, therefore, the coherence
can be almost solely attributed to the scattering volume, determined by
vegetation properties. TanDEM-X (TerraSAR-X add-on for Digital
Elevation Measurement), operated by the German Aerospace Center
(DLR), is the ﬁrst operational spaceborne bistatic SAR system (Krieger
et al., 2007). It consists of two nearly identical X-band satellites TerraSAR-X and TanDEM-X. The constellation began global acquisition in
December 2010 with the primary goal of generating a global high-resolution and high-precision Digital Elevation Model (DEM). The high
potential of interferometric TanDEM-X data acquired for the global
DEM was already shown in the estimation of tree height and biomass in
the boreal (e.g. Askne et al., 2013; Solberg et al., 2013; Karila et al.,
2015; Soja et al., 2015; Persson et al., 2017; Sadeghi et al., 2018) and
tropical (e.g. Treuhaft et al., 2015; Solberg et al., 2017) forests. Furthermore, Persson and Fransson (2017) and Sadeghi et al. (2016) show
the feasibility of TanDEM-X to replace airborne LiDAR data for the
biomass estimation in Swedish and Canadian boreal forest. Such feasibility is essential due to a limited availability of LiDAR data on large
scale. The Arctic treeline lacks LiDAR and ﬁeld observations especially
strong. TanDEM-X data with their ground resolution, unprecedented for
radar, provide unique opportunities for its accurate investigation.
This study is the ﬁrst to evaluate the potential of TanDEM-X data for
estimating tree height in small forest patches in the Canadian Arctic. In
particular, we test the performance of TanDEM-X backscatter, bistatic
coherence, and InSAR height from several TanDEM-X bistatic pairs
obtained with the same geometry and baseline during the TanDEM-X
Science Phase. As a reference, we use full-waveform Airborne Laser
Scanning (ALS) data. We investigate the relationship between three
TanDEM-X variables and ALS-based forest height, and, additionally, the
eﬀect of tree density (i.e. number of trees per unit area) on these relationships. Furthermore, we investigate the temporal consistency of
the TanDEM-X pairs with respect to the potential weather inﬂuence.

(Chapin III et al., 2005). An advancing treeline has already been reported from numerous sites in the circum-Arctic treeline zone (e.g.
Harsch et al., 2009; Frost and Epstein, 2014). The expansion of the
boreal forest into tundra areas might cause vegetation climate feedback
through radiation balance and snow cover changes (Chapin III et al.,
2005). Furthermore, the carbon budget is changed through increase of
carbon storage above ground with woodier biomass, as well as below
ground through changes in litter quality and production.
However, some studies also report no changes or even a retreat of
the treeline at some sites. Besides the spatial migration, treeline dynamics can also manifest in changes of vegetation structural properties,
i.e. height and density. It is recognized that the treeline dynamics depend on a range of local conditions (e.g. Frost and Epstein, 2014). For
instance, moisture availability can be aﬀected either by increased
drainage or by excessive melt water due to permafrost thaw (Lawrence
et al., 2015). Furthermore, a decades-to-centuries delay of treeline response to climatic changes is possible due to seed dispersal limitations
and generally slow reproduction rates at high latitudes (e.g. Lenoir and
Svenning, 2015; Wieczorek et al., 2017). It is, therefore, essential to
monitor the changes in vegetation properties in the treeline zone and
the factors inﬂuencing these changes. One of the spatial forms represented in the treeline zone is a forest patch, where a group of trees
grow in similar environmental conditions. Montesano et al. (2016)
suggest that the accurate estimation of tree height in such forest patches
is crucial for monitoring treeline changes and that improving the remote sensing of this parameter is a high priority.
Remote sensing of the Arctic treeline has generally been limited to
optical sensors which vary in spatial resolution from the MODIS
(500 m) to the Landsat (30 m) and high-resolution satellite and airborne
imagery (few meters to sub-meter resolution) (e.g. Montesano et al.,
2009; Ranson et al., 2011; Mathisen et al., 2014). Sensors with coarse
resolution often cannot detect sparse forest at the northern edge of the
treeline. Moreover, optical imagery is highly aﬀected by clouds and
generally insensitive to the vertical structure of vegetation. In contrast,
Synthetic Aperture Radar (SAR) remote sensing is unconstrained by
weather and light conditions, and can penetrate through a vegetation
layer to a depth that depends on the radar wavelength. The latter
property enables the SAR signal to be related to the structural characteristics of the vegetation, making SAR extremely useful in boreal,
temperate, tropical and sub-tropical forest studies (e.g. Santoro and
Cartus, 2018). The vegetation characteristics (i.e. biomass) can be estimated via backscatter, which represents the amplitude from a single
SAR image, or via interferometry (InSAR) which is based on a complex
product of two SAR images acquired from diﬀerent positions in space
and/or at diﬀerent points in time. Therein, the phase diﬀerences between the two SAR images (InSAR phase) can refer to the vertical position of the scattering center in the case of no elevation change between acquisitions. An InSAR height, which can be attributed to the
vegetation height, can then be obtained by subtracting the bare ground
topography phase, i.e. the ground surface without elevated objects,
from the InSAR phase. The magnitude of the complex product - InSAR
correlation or coherence - indicates the stability of the phase and mostly
refers to the physical distribution of the scatterers in a volume (volumetric component of coherence) and/or physical change of the scatterers between acquisitions (temporal component of coherence). By
minimizing the temporal component of decorrelation, it is possible to
relate the total coherence to the vegetation structural properties. InSAR
techniques are widely used for estimating the biomass of boreal and
tropical forests (e.g. Treuhaft et al., 2015; Schlund et al., 2016; Thiel
and Schmullius, 2016). However, SAR interferometry has been unable,
thus far, to focus on the treeline, mainly due to spatial resolution and/
or temporal decorrelation constraints of most satellite constellations.
SAR backscatter from medium-resolution sensors (~25 m pixel size)
was employed in few studies on the treeline but only as a source of
additional information together with optical sensors (Ranson et al.,
2004) and/or airborne Light Detection And Ranging (LiDAR) data

2. Study area
The study area covers the Trail Valley Creek research basin
(68°44′17″ N; 133°26′26″ W), which is located about 50 km northeast of
Inuvik, Northwest Territories, Canada (Fig. 1). Research has been
conducted in this basin is subject to research since 1991 with a focus on
snow, permafrost, and hydrology. The area is characterized by gentle
topography with prominently incised river valleys. It belongs to the
continuous permafrost zone, with permafrost thicknesses up to 100 m
and very high ground ice content (Burn and Kokelj, 2009). The climate
features long and cold winters and short and cool summers, with mean
annual temperature of −7.3 °C, mean February temperature of
−22.8 °C (the coldest month), and mean July temperature of 12.9 °C
(the warmest month) over the last decade (Environment and Climate
Change Canada, 2019). Snowmelt typically occurs during May and
June (Marsh et al., 2002). The region is experiencing rapid climate
change. Serreze et al. (2000) report an increase in mean annual air
temperature at all meteorological stations in Yukon and the Northwest
Territories for two 30-year periods, from 1951 to 1980 and from 1971
to 2000. Burn and Kokelj (2009) analyzed air temperatures in Inuvik
and observed an increase of the annual mean temperature by > 2.5 °C
since 1970. Following the rise of air temperature, the ground temperature also increased by approximately 1.6 °C. Ecologically, the area
is located at the northern edge of the treeline zone. According to Marsh
et al. (2010), the land cover consists of tundra (lichen, mosses, herbs,
and low shrubs < 0.5 m in height), shrub tundra (deciduous shrubs
from 0.5 to 3.0 m in height), and sparse forest with black spruce trees
(> 3.0 m in height) (Fig. 2). Shrub expansion, reported from many
Arctic sites, was also observed in this region (e.g. Lantz et al., 2010).
2
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Fig. 1. Study area near the Mackenzie Delta, Northwest Territories, Canada. Geographical extents of TanDEM-X and ALS datasets are shown as white rectangles, the
Inuvik-Tuktoyaktuk highway is shown with a solid yellow line, and the approximate position of the treeline (Brown et al., 1998) is shown with a dashed white line.
Underlying image is the mosaic of true color Landsat-8 images from 2015 to 2016 (images are courtesy of the U.S. Geological Survey). The inset map at the top left
shows the location of the study area in North America. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of
this article.)

3. Data

lower than the HoA, the InSAR height can be unambiguously retrieved.
If an objects is higher than the HoA, the phase unwrapping, i.e. ﬁnding
a correct multiplier to the 2π phase change, can introduce errors that
potentially impede the data examination. The eﬀective baseline (half
the length of the perpendicular baseline for the TanDEM-X bistatic
products) and HoA for the dataset used in this study are given in
Table 2. For all acquisitions, baselines were kept extremely stable, with
a maximum diﬀerence of 1.5 m. This provides an opportunity to combine acquisitions without accounting for diﬀerences in geometry. The
weather conditions were taken from the Environment and Climate
Change Canada (2019) and are given in Table 2. Negative air temperature was observed at the time of the 1 June 2015 acquisition.
Precipitation of 8.4 mm was recorded on 6 August 2015.

3.1. ALS data
Full-waveform 3D point cloud data were captured with a Riegl LMSQ680i airborne laser scanner on board the Alfred Wegener Institute's
Polar 5 research aircraft. The survey took place in September 2016 and
covered an area of about 20 km × 6 km (cf. Fig. 1). The point density
was approximately 5 points per square meter. The ALS point cloud with
detailed description is published in PANGAEA and open for further use
(Anders et al., 2018).

3.2. TanDEM-X data
4. Methods

During the TanDEM-X Science Phase (15 months during
2014–2015), special conﬁgurations of satellites and imaging modes
were set up to perform various scientiﬁc experiments, including monitoring of vegetation (Hajnsek et al., 2014). Within the Science Phase,
acquisitions with a long and extremely stable perpendicular baseline
were available in summer 2015 for our research area. We used seven
co-registered single look slant range complex (CoSSC) pairs acquired in
the StripMap mode from 1 June to 28 August 2015. Table 1 lists the
main parameters of the TanDEM-X dataset.
Height of ambiguity (HoA) is related to the perpendicular baseline
and shows the sensitivity of InSAR phase to the height. If an object is

4.1. Derivation of DTM and vegetation properties from ALS
A Digital Terrain Model (DTM) was derived from the ALS point
cloud in two main steps. In the ﬁrst step, points were classiﬁed as terrain based on a probability value derived from the relationship between
the echo width and amplitude values of each laser return (Mücke et al.,
2010). These terrain points were rasterized into the DTM with a cell size
of 1 m using a moving planes interpolation strategy (Pfeifer and
Mandlburger, 2008) and then resampled to a cell size of 10 m to match
3
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Fig. 2. Ground-based photos showing forest areas and the structure of a typical black spruce tree. Persons are for scale.
Table 1
General characteristics of the TanDEM-X dataset.
Relative orbit
Local time of acquisitions (UTC − 6 h)
Path
Looking direction
Incidence angle
Polarization
Slant range pixel spacing
Azimuth pixel spacing

61
20:26
Ascending
Right
45–47°
Single, VV
1.36 m
2.04 m

Table 2
Characteristics of the TanDEM-X acquisitions and meteorological conditions.
Temperature is given for 20:00 local time (station TRAIL VALLEY); precipitation is given as the daily total (station INUVIK CLIMATE). Date format is
YYYYMMDD.
Date

Eﬀective
baseline, m

Height of
ambiguity, m

Air
temperature, °C

Precipitation, mm

20150601
20150623
20150715
20150726
20150806
20150817
20150828

584.147
584.202
584.392
584.456
583.836
582.919
583.844

14.164
14.162
14.157
14.113
14.128
14.152
14.126

−2.7
12.6
15.2
12.0
4.2
6.9
4.9

3.0
0.9
0.0
1.4
8.4
2.4
0.5

Fig. 3. ALS-detected single trees (white empty circles) on top of the high-resolution airborne orthophoto (© Northwest Territories Centre for Geomatics).
Trees can be identiﬁed on the orthophoto by their linear shadows.

the resolution of multilooked TanDEM-X data.
Vegetation height was derived by subtracting the terrain elevation
(i.e. DTM pixel values) from the non-ground points in the ALS point
cloud. A raster of vegetation height was generated with a 1 m cell size
by using the maximum vegetation height values per cell and then resampled to a cell size of 10 m to match the resolution of multilooked
TanDEM-X data. The maximum value was chosen to include the response from the tallest trees. Finally, the vegetation height raster was
smoothed with a low-pass ﬁlter, 3 × 3 pixels in size. Further details on
the derivation of DTM and vegetation height can be found in Anders

et al. (2018).
Additionally, the position of individual trees was extracted from the
1 m cell size vegetation height raster based on local maxima within a
search radius of 3 m. A local maximum was considered a tree if its
height was at least 1.5 m. Using local maxima is a well-established
method for the single tree detection (e.g. Hyyppä et al., 2001; Kaartinen
et al., 2012) and is especially suitable for sparse forest as one in our
study. The search radius of 3 m was chosen based on the typical
minimum distance between the trees, which according to the ﬁeld
knowledge and visual analysis of open-access high-resolution (0.5 m)
4
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Fig. 4. ALS vegetation height map with heights > 1.5 m (white areas are pixels with heights ≤1.5 m). Forest patches (in solid black) were manually delineated using
this map and orthophotos. Black lettered boxes A, B, and C locate forest patches which are enlarged in Fig. 5.

the CoSSC pairs: (i) backscatter from the master image of each pair; (ii)
InSAR height from each pair; (iii) bistatic coherence from each pair.
For backscatter derivation, SLC data were multi-looked by factors of
5 in range and azimuth directions, in order to obtain intensity values
with reduced speckle and roughly squared pixels with a ground range
size of 9.5 by 10.2 m. Pixel-area correction was performed to account
for terrain-induced variation of radar brightness (Small, 2011). Terrainbased normalization area was calculated using the ALS-based DTM.
In general, InSAR height (or scattering phase center height) is a
result of subtracting a DTM, which represents the ground surface
without elevated objects (e.g. Höﬂe and Rutzinger, 2011), from a SARderived Digital Surface Model (DSM). In our study, we used the ALSbased DTM to simulate the bare ground topography phase. For each
TanDEM-X bistatic pair we obtained the diﬀerential interferogram by
subtracting the simulated topography phase from the TanDEM-X InSAR
phase. The diﬀerential interferograms were then smoothed using an
adaptive ﬁlter based on the local fringe spectrum (Goldstein and
Werner, 1998). The ﬁltered interferograms were unwrapped using the
minimal cost ﬂow algorithm (Costantini, 1998), where zero-height
value was assigned to a ground pixel with minimum vegetation. To
avoid water bodies, a mask with coherence values > 0.5 (mean coherence value for the water bodies) was used for the unwrapping. After
that, the unwrapped phase was converted to the delta height in meters,
which represents the InSAR height.

airborne orthophotos acquired in 2004–2008 (Northwest Territories
Centre for Geomatics, http://www.geomatics.gov.nt.ca) is larger than
3 m. Comparison between detected single trees and orthophotos conﬁrms a reasonable performance of the method (Fig. 3). Furthermore, we
manually removed some misidentiﬁed trees, e.g. tall shrubs.
Based on the position of single trees we derived a metric for the tree
density as the number of trees per area, i.e. per 10 × 10 m to match the
resolution of TanDEM-X data. The number of trees per area is a
meaningful representation of the tree density for our study area where
trees have very narrow crown and trunk (see Fig. 2). To count the trees
in a pixel in a continuous way, and, thus, to account for an arbitrary
grid structure, we used a multivariate kernel density estimator with the
maximum likelihood cross-validation method (Python module statsmodels). This method allows ﬁnding the optimal bandwidth (i.e. width
of the kernel, also known as smoothing parameter) which is neither
over-smoothing nor under-smoothing the data. The found optimal
bandwidth was 12.7 m and 13.8 m in longitude and latitude directions
respectively.
4.2. TanDEM-X data processing
The TanDEM-X data were processed using the Gamma radar software (Werner et al., 2000). SSC data were converted to Gamma Single
Look Complex (SLC) format. We obtained three diﬀerent metrics from
5
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Fig. 5. Detailed examples of delineated forest patches A, B, and C from Fig. 4. Left column: ALS vegetation height map with heights > 1.5 m (white areas are pixels
with heights ≤1.5 m). Color scale is the same as in Fig. 4. Right column: high-resolution airborne orthophotos (© Northwest Territories Centre for Geomatics).

accuracy. The range spectral decorrelation was minimized by range
spectral ﬁltering, and residual decorrelation was deemed small due to
the subdued topography and the moderate baseline length (compared
to the critical baseline). Ambiguities, which can also contribute to
decorrelation, were not apparent owing to the relatively uniform
backscatter cross-sections. Bistatic coherence images were derived from
corresponding diﬀerential interferograms and multilooked CoSSC

To attribute the bistatic coherence to the volumetric component we
assume that the other potential sources of decorrelation such as thermal
and quantization noise, residual co-registration errors or range spectral
mismatch are negligible for the TanDEM-X. Thermal noise is generally
characterized by the signal-to-noise ratio which is typically high for the
TanDEM-X system and increases after subsequent multilooking. Co-registration of the images within a CoSSC pair is precise with subpixel
6
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Table 3
Main statistics of the ALS vegetation height and TanDEM-X metrics for the entire area covered by the ALS survey (Fig. 6).

ALS vegetation height
TanDEM-X backscatter
TanDEM-X coherence
TanDEM-X InSAR height

Min

Max

Median

Mean

Standard deviation

p95

p99

0.03 m
−22.24 dB
0.45
−0.97 m

12.6 m
−6.78 dB
0.91
0.99 m

0.21 m
−12.62 dB
0.86
−0.03 m

0.42 m
−12.56 dB
0.86
−0.01 m

0.56 m
0.80 dB
0.02
0.13 m

1.46 m
−11.17 dB
0.88
0.23 m

2.68 m
−10.54 dB
0.89
0.43 m

TanDEM-X metrics within the combined forest patches to examine their
consistency and whether the meteorological conditions had an eﬀect on
that consistency. There were two potentially inﬂuencing environmental
events: freezing conditions during the acquisition on 1 June 2015 and
precipitation on 6 August 2015. We also examined the eﬀect of using
the temporal mean compared to single images for all TanDEM-X metrics
as they relate to the ALS vegetation height.

intensity images with an estimation window of 5 × 5 pixels.
For both terrain-based normalization of backscatter and InSAR
height calculation, a precise co-registration of the ALS-based DTM to
the TanDEM-X pairs was needed. For the precise oﬀsets calculation, we
simulated an intensity image from the ALS-based DTM. We derived
range and azimuth oﬀsets using cross-correlation optimization of original and simulated SAR images. The algorithm calculates oﬀset ﬁelds
by correlating images in multiple windows across the scene. We calculated the registration polynomials from the oﬀset ﬁelds, and applied
them to correct the small shift between the ALS-based DTM and the
TanDEM-X pairs.
Backscatter, InSAR height, and the coherence images were geocoded, using the ALS-based DTM, to the Universal Transverse Mercator
(UTM) projection, zone 8 N WGS84, with a pixel size of 10 m. Water
bodies were clipped out from all maps. We combined all seven images
of each TanDEM-X metric in three temporal stacks and derived a mean
image for each of the stacks. Finally, the mean images were additionally
smoothed with low-pass ﬁlter 3 × 3 pixels in size. Note that the geometry of the acquisitions, including the very stable baselines, was the
same for all scenes, and, therefore, stacking of the images without any
correction is justiﬁed. Hereinafter, backscatter, InSAR height, and coherence represent the temporal means of each metric.

5. Results
5.1. TanDEM-X metrics and ALS vegetation height
First, we present a general overview of ALS vegetation height and
TanDEM-X metrics (backscatter, coherence, and InSAR height) over the
entire area covered by the ALS survey (Table 3). The area was generally
characterized by low vegetation, with the median of 0.21 m and 99th
percentile of 2.68 m. The coherence was generally high with the median
of 0.86. Standard deviation of both coherence and backscatter was low:
0.02 and 0.8 dB correspondingly. The InSAR height varied between −1
and 1 m. A negative InSAR height value could indicate two phenomena.
First, it could indicate an increase of elevation between TanDEM-X
(2015) and ALS (2016) acquisitions. Second, the TanDEM-X signal can
penetrate to a slightly deeper layer than the ALS-based DTM, for instance, when over bare ground.
We examined visually the spatial patterns of the backscatter, coherence, and InSAR height and compared them with the ALS vegetation
height, using orthophotographs as a reference (Fig. 6). In general, all
three TanDEM-X metrics were sensitive to the tall vegetation in the
stream channels, i.e. in the south eastern part of the area. Backscatter
and InSAR height were high and coherence was low within these areas.
A large shrub-covered zone in the western part of the area was well
identiﬁed by both high backscatter and InSAR height but not by coherence. A road, built in 2016 (after the TanDEM-X acquisitions and
during the ALS survey), is clearly visible as negative InSAR height. Over
the entire area, covered by the ALS survey, ALS vegetation height
correlated the most with InSAR height (r = 0.52), only moderately inversely correlated with coherence (r = −0.4), and did not correlate
with backscatter (r = 0.02).
We visually examined several parts of the study area with forest
patches more closely (Fig. 7). According to the ALS vegetation height
map, the tallest trees (> 10 m) were within the forest patch along the
stream channel in C. The backscatter was high over the forest patches in
B and C but also over shrub covered areas such as a distinct shrub patch
in A (left of the road), areas from both sides of the forest patch in B, and
the area on the left side from the stream channel in C. Forest patches in
general were not well distinguished by backscatter. In contrast, the
coherence pattern mostly agreed with the border of delineated forest
patches. Coherence was generally not sensitive to shrubs, with the exception of low coherence in the shrub-covered slopes at the stream
channel in C. InSAR height was high over the forest patches and shrubs
in all areas. A general overview of ALS vegetation height and TanDEMX metrics (backscatter, coherence, and InSAR height) over the combined area of all 22 delineated forest patches is given in Table 4.
We examined the relationship between ALS vegetation height and
all TanDEM-X metrics (backscatter, coherence, InSAR height), using the
data points (pixels) from the combined area of all 22 delineated forest

4.3. Delineation of forest patches
We manually delineated 22 forest patches of diﬀerent sizes using the
ALS vegetation height map and the orthophotos. To do this, we removed all pixels with the heights of < 1.5 m from the ALS vegetation
height map (Fig. 4). We visually checked the remaining groups of pixels
against the orthophotos. If a group of pixels was identiﬁed as a forest
patch on the orthophotos, we manually delineated this group. There
were no strict criteria on where to draw the border of a forest patch but
we aimed to delineate all groups with compactly growing trees and
ignored standalone trees. Three detailed examples are shown in Fig. 5.
Areas of the delineated forest patches varied from 0.005 km2 to
0.33 km2 and the total area of the combined patches was 1.3 km2. To
make the forest sample as large as possible, we included even the
smallest forest patches into the analysis. Most of the patches were situated on the hillslopes with the exception of one speciﬁc area with
elongated shape which was situated along a stream channel (Fig. 5C).
We extracted the TanDEM-X metrics (backscatter, coherence, InSAR
height) as well as ALS vegetation height and tree density within the
delineated forest patches. We use simple linear regression to examine
the relationship between all three TanDEM-X metrics and the ALS vegetation height within the combined area of all forest patches.
Additionally, we estimated the eﬀect of tree density on the relationship
of TanDEM-X metrics to ALS vegetation height. In the end, we used
random forests regression to build a prediction model for ALS vegetation height using all TanDEM-X metrics together.
4.4. Pair consistency test and multitemporal stacking
The looking geometry and the perpendicular baselines were almost
identical for all the TanDEM-X pairs. Therefore, we expected the pairs
to be highly correlated with each other, given similar environmental
conditions at the time of acquisition. We compared all possible pairs of
7
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Fig. 6. Overview of the area covered by the ALS survey: a) ALS vegetation height; b) TanDEM-X backscatter; c) coherence; d) InSAR height; e) orthophoto (©
Northwest Territories Centre for Geomatics). Zoom boxes in Fig. 7 are marked on all the maps as black rectangles.
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Fig. 7. ALS vegetation height (row 1); TanDEM-X backscatter (row 2); coherence (row 3); InSAR height (row 4); orthophoto (© Northwest Territories Centre for
Geomatics) (row 5) for three areas marked as black lettered rectangles on Fig. 6. Forest patches are delineated manually in solid black. Note the inverse coherence
scale, enabling an easier visual comparison with the other metrics. Letters A, B, and C correspond to the boxes in Fig. 6.
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Table 4
Main statistics of the ALS vegetation height and TanDEM-X metrics for the combined area of all 22 delineated forest patches.

ALS vegetation height
TanDEM-X backscatter
TanDEM-X coherence
TanDEM-X InSAR height

Min

Max

Median

Mean

Standard deviation

p95

p99

0.12 m
−14.33 dB
0.56
−0.16 m

12.58 m
−8.38 dB
0.89
0.84 m

2.06 m
−12.78 dB
0.83
0.05 m

2.47 m
−12.57 dB
0.81
0.09 m

1.88 m
0.88 dB
0.04
0.15 m

6.33 m
−10.8 dB
0.86
0.40 m

8.86 m
−10.26 dB
0.87
0.64 m

Fig. 8. Density scatterplots for ALS vegetation height and a) backscatter; b) coherence; c) InSAR height for the combined area of all delineated forest patches. Pearson
correlation coeﬃcient is given for each plot. Data point density is shown as high and low for simplicity.

Fig. 9. Kernel tree density estimated from the number of trees. Black dots on top show the single trees. Position of single trees was extracted from ALS vegetation
height map using local maxima.

height and the tree density are related. We found a strong linear relationship between these two parameters in the combined area of all
forest patches with Pearson correlation coeﬃcient of r = 0.58. This
strong relationship can be explained by the sparse nature of the studied
forest and the inevitable inclusion of pixels or even groups of pixels
without trees into the analysis. To eliminate this eﬀect, we checked the
correlation coeﬃcient between the ALS vegetation height and the tree
density for density threshold increasing from 0 to 1.5 with the step of
0.1 (Fig. 10). Number of included points ranged from 12,681 (density > 0) to 877 (density > 1.5). Correlation coeﬃcient almost linearly decreased with the increase of the density threshold.
We chose the tree density > 1 (number of points = 3630) as a
threshold at which the correlation between the tree height and density
was below 0.15, and examined the relationships between tree density
and all TanDEM-X metrics only for the points with the tree density > 1
(Fig. 11). All three TanDEM-X metrics show a very weak linear relationship with the kernel tree density. The Pearson correlation coefﬁcient for the backscatter was r = 0.02, for the coherence r = −0.15,
and for the InSAR height r = 0.19.
We also checked whether the relationship between the ALS vegetation height and TanDEM-X metrics depended on the tree density.
Using natural breaks, we chose three density classes: low (0–0.52);
medium (0.52–1.1); and high (1.1–2.07). For all density classes the
relationships between the ALS vegetation height and all TanDEM-X
metrics persisted their directions and remained strong (Fig. 12).
For the next step we combined the backscatter, coherence, and
InSAR height to predict ALS vegetation height with the random forests
regression. We used three sets of data: (i) all points from combined
forest patches; (ii) points from combined forest patches with the

Fig. 10. Pearson correlation coeﬃcient between the ALS vegetation height and
tree density for tree density thresholds increasing from 0 to 1.5 with the step of
0.1.

patches. All three TanDEM-X metrics show a strong linear relationship
with the ALS height (Fig. 8). The Pearson correlation coeﬃcient for the
backscatter was r = 0.67, for the coherence r = −0.69, and for the
InSAR height r = 0.78.
5.2. TanDEM-X metrics and tree density
We ﬁrst present the result of kernel density estimated from the
number of trees exemplarily for the same three forest patches A, B, and
C (Fig. 9).
To detect whether there is a relationship between TanDEM-X metrics and the tree density, we ﬁrst checked how the ALS vegetation
10
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Fig. 11. Scatterplots for the ALS kernel tree density and a) backscatter; b) coherence; c) InSAR height for the combined area of all delineated forest patches with the
tree density > 1. Pearson correlation coeﬃcient is given for each plot. Data point density is shown as high and low for simplicity.

Fig. 12. Density scatterplots for ALS vegetation height and TanDEM-X metrics for the high tree density (upper row); medium tree density (middle row); and low
density (lower row) classes. Pearson correlation coeﬃcient is given for each plot.

improved accuracy of 67.2% (Fig. 13b). For the high density dataset,
the relationship featured R2 of 0.63, MAE of 0.7 m, and the best accuracy from three datasets of 79.8% (Fig. 13c).
In order to estimate the usefulness of the variables in the random
forest we evaluated the importance of each predictor. The importance
represents in percentages how much the prediction is improved by including a particular variable. The best predictor variable for all three
datasets was the InSAR height, and the importance of the backscatter
and coherence slightly increased for the datasets with both high and
medium tree density (Table 5).

medium tree density; (iii) points from combined forest patches with
high tree density. Number of “trees” in the random forest regression
was set to 50 and the result did not signiﬁcantly change with the increasing number of “trees”. Regression “trees” were generated by
drawing a replacement from two thirds of the data for training and onethird for testing for each tree. We ran the regression 20 times and took
the average result for the presentation. For the data points from all
forest patches, the relationship between the predicted and observed ALS
vegetation height featured a relatively high coeﬃcient of determination, R2 of 0.72, a mean absolute error (MAE) of 0.72 m, and an accuracy (which is deﬁned as 100% - mean absolute percentage error) of
53.6% (Fig. 13a). For the medium density dataset, the relationship
featured a lower R2 of 0.66, a slightly higher MAE of 0.78 m, and an
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Fig. 13. Relationship between the observed and predicted (from all TanDEM-X metrics) ALS vegetation height for: a) the dataset from all forest patches; b) the
dataset from all forest patches with medium tree density; c) the dataset from all forest patches with high tree density. The solid line shows the best linear ﬁt.
Table 5
Relative importance of predictor variables for the random forests regression. The importance represents in percentages how much the prediction is improved by
including a particular variable.
TanDEM-X metric

Importance, % (all forest patches)

Importance, % (medium tree density)

Importance, % (high tree density)

Backscatter
Coherence
InSAR height

14
16
70

20
20
60

20
19
61

between 0.66 and 0.75.

5.3. Consistency between the TanDEM-X pairs
For the demonstrated results we used the multitemporal stack of the
TanDEM-X pairs. To make sure that the temporal averaging of the
TanDEM-X pairs was not aﬀected by some anomalous pair, we investigated the consistency between all TanDEM-X pairs. Since the
looking geometry and the baselines were the same for all the pairs,
weather conditions could be the main inﬂuencing factor. We compared
all possible pairs of TanDEM-X metrics within the area of combined
forest patches and calculated the correlation coeﬃcients. Correlation
between backscatter pairs was generally high and varied between 0.62
and 0.77 with a mean of 0.7 ± 0.04 (Fig. 14). Generally, there was no
systematic diﬀerence between backscatter pairs.
Correlation between coherence pairs was also high and varied between 0.58 and 0.77 with a mean of 0.7 ± 0.05 (Fig. 15). Generally,
there was no systematic diﬀerence between coherence pairs.
Correlation between InSAR height pairs was the strongest of
TanDEM-X metrics, and varied between 0.78 and 0.92 with a mean of
0.86 ± 0.04 (Fig. 16). Generally, there was no systematic diﬀerence in
InSAR height between pairs.
For all metrics, two acquisitions with the most contrasting meteorological conditions (20150601 with the slightly negative air temperatures and 20150806 with the precipitation) yielded in the lowest correlation coeﬃcients among all pairs: r = 0.62 for the backscatter,
r = −0.58 for the coherence, and r = 0.78 for the InSAR height.

6. Discussion
In our study we observed high correlation between ALS-derived tree
height and all three TanDEM-X variables: backscatter (r = 0.67), bistatic coherence (r = −0.69), and InSAR height (r = 0.78) obtained as
multitemporal mean of seven TanDEM-X CoSSC pairs with the same
geometry and baseline. The tree density showed almost no relationship
to the TanDEM-X metrics. We distinguished three tree density classes
and showed that the relationships between all TanDEM-X metrics and
tree height within each density classes remained strong. Random forests
regression using all three TanDEM-X metrics predicted the tree height
with a mean absolute error of 0.7 m and the accuracy of 53%. The
contribution to the explained variation was the highest from the InSAR
height (70%) while backscatter and coherence contributed equally less
(15%).
Numerous studies related SAR backscatter to above-ground biomass
and reported a quick saturation especially for the X-band (e.g.
Woodhouse, 2005). We found a strong relationship between the
TanDEM-X backscatter and the ALS vegetation height for the forested
area (r = 0.67), which weakened with a denser class of forest. There
were some signs of saturation at approximately 5 m of ALS vegetation
height. We showed no inﬂuence of the tree density on the TanDEM-X
backscatter in our study (r = 0.02). It is possible, however, that the tree
density was in general too low to detect any inﬂuence of it on the
backscatter. On the other hand, such sparse forest is typical for the
northern edge of the treeline and, therefore, the insensitivity to tree
density that we have found is a useful observation. The fact that for the
entire area covered by the ALS survey, we found no correlation between
backscatter and ALS vegetation height, indicates that trees likely serve
as strong scatterers while the rest of the vegetation (e.g. dwarf and tall
shrubs, lichens, and sedges) inﬂuences the backscatter through its
density and roughness rather than the height.
We observed a strong inverse relationship between ALS vegetation
height and TanDEM-X bistatic coherence (r = −0.69) for the forested
area. Assuming that no external DTM is needed to derive coherence, we
suggest that this TanDEM-X metric can be very useful for the remote
sensing of the treeline. Similar to backscatter, we found only very weak

5.4. Eﬀect of multitemporal averaging
We also examined for all TanDEM-X metrics whether using the
temporal mean is more advantageous than using single images. Pearson
correlation coeﬃcients between TanDEM-X metrics and ALS vegetation
height are given in Table 6. The relationship was stronger for the mean
backscatter (r = 0.67) compared to the single backscatter images where
r varied between 0.55 and 0.61. The relationship was in general slightly
stronger for the mean coherence (r = −0.69) compared to the single
coherence images with the exception of the one coherence image from
20150828 for which the relationship was stronger than for the mean.
The relationship was also slightly stronger for the mean InSAR height
(r = 0.78) compared to all single backscatter images where r varied
12
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Fig. 14. Density scatterplots of TanDEM-X backscatter for all pair combinations. Pearson correlation coeﬃcients are given for each plot. The one-to-one relationship
is shown as a black line.

relationship between the tree density and the coherence (r = −0.15),
although the relationship was also inverse as for the height. Sadeghi
et al. (2016) also did not ﬁnd a relationship between tree density and
TanDEM-X coherence in the Canadian boreal forest with higher density
(13 stems per 100 m2 on average). For the entire area covered by the
ALS survey, we found a rather moderate correlation between coherence
and ALS vegetation height, which likely indicates that besides the
height, other properties (i.e. density and coverage) of the typical tundra
vegetation inﬂuence the coherence.
A number of previous studies have shown that InSAR height is
strongly related to above-ground biomass and canopy height for forests
with high biomass (e.g. Persson and Fransson, 2017; Solberg et al.,
2017; Sadeghi et al., 2018). In our study we observed a strong relationship between InSAR height and ALS vegetation height (r = 0.78)
for the forested area. We also found a rather strong correlation between
InSAR height and ALS vegetation height (r = 0.52) for the entire area
covered by the ALS survey – an expected observation, considering that
the InSAR height is the most direct expression of the vegetation height
among all TanDEM-X metrics. In general, InSAR height in our study was
about one order of magnitude lower than ALS vegetation heights. This
may indicate that the TanDEM-X signal is not able to accurately

estimate the height of such sparse forest, but can capture well the
spatial variations. Compared to the boreal or tropical forests, where the
X-band signal interacts with the upper few centimeters of dense canopy,
in the sparse forests of the treeline zone, the SAR signal likely has a
complex interaction between the ground and the tree elements which
do not form a considerable canopy. Furthermore, the derivation of the
InSAR height requires an independent, high-quality DTM, which often
is not available, especially in high latitudes. This is a very substantial
limitation.
Askne et al. (2013), Olesk et al. (2015), Soja et al. (2015), and Olesk
et al. (2016) used Interferometric Water Cloud Model and its modiﬁcations as well as empirical (data-driven) relationships to estimate
boreal forest biomass and height from TanDEM-X metrics. The former
models generally consider the forest as a layer (or multiple layers) of
volume scatterers located over the ground, with or without gaps in
vegetation. Some studies suggest that using simple regression models is
often preferable due to the many simpliﬁcations and assumptions required for physical models, or that multipolarization SAR data should
be used. Our data-driven model for forest height estimation implicitly
accounted for the unique structural properties of very sparse forest with
trees featuring very narrow trunks and crown. Such forest conﬁguration
13
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Fig. 15. Density scatterplots for TanDEM-X coherence for all pair combinations. Pearson correlation coeﬃcients are given for each plot. The one-to-one relation is
shown as a black line.

developed a global forest/non-forest (FNF) map at a ground pixel spacing of 50 m × 50 m, based on TanDEM-X data acquired for global DEM
formation. None of our forest patches were identiﬁed as forest in their
FNF map indicating that likely the FNF map is not usable at the
northern edge of the treeline where the forest patches are very small,
but probably can be used in the more southern areas.
In our analysis, we were limited to the area, covered by the ALS
survey, which included forest patches, similar in shape and located
mostly on gentle hillslopes. One elongated forest area, situated along a
stream channel, was, however, diﬀerent in shape and in the positions
on the landscape (Figs. 4 and 5). We checked the correlation between
TanDEM-X variables and ALS vegetation height for this speciﬁc area.
The correlation was strong for the coherence (r = −0.73), and the
InSAR height (r = 0.57) but rather low for the backscatter (r = 0.28)
which can be related to the remaining shadow/layover eﬀects inﬂuencing this topographically complicated area, or to the tall shrubs interacting with the backscatter signal. Therefore, we suggest using
backscatter cautiously over such areas, and that the further research
should be pursued in order to include a larger variety of spatial conﬁgurations of the forest patches or other forms of tree growth at the

is diﬃcult to capture in estimation algorithms based on scattering
models. In our study we used three metrics from single-polarization
TanDEM-X data (backscatter, coherence, InSAR height) in a random
forests regression model. Our data show a strong relationship between
reference and predicted forest height over the full range of heights. We
reached an R2 of 0.7 and a MAE of 0.7 m which is better than, for instance, in Karila et al. (2015), where the R2 between predicted and
observed forest height based on the TanDEM-X InSAR height and coherence, varied between 0.34 and 0.57 for diﬀerent acquisition dates.
Current global land-cover maps are not able to resolve forest patches of the size we observed in our study. We delineated the forest
patches manually using high-resolution orthophotos together with the
ALS vegetation height map to have a better control over the sample. We
acknowledge that it was necessary to identify the forest areas prior to
estimating the tree height with the TanDEM-X metrics. With respect to
potential automated mapping, the TanDEM-X coherence demonstrated
the best sensitivity to the forest areas but still could not fully discriminate them from some shrubby areas (Fig. 7). We did not aim at
achieving automated mapping of the forest patches in this study and
leave this accomplishment for future studies. Martone et al. (2018)
14
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Fig. 16. Density scatterplots for TanDEM-X InSAR height for all pair combinations. Pearson correlation coeﬃcients are given for each plot. The one-to-one relation is
shown as a black line.

temporal stability of the coherence was also high (mean r = 0.7). Askne
et al. (2017) report a strong inconsistency between coherence pairs,
especially for scenes with snow cover. In general, their coherence values varied between 0.25 and 0.94 (compared to our study with a range
from 0.58 to 0.77), indicating much stronger volumetric decorrelation
in the canopy of the boreal forest, and potentially higher temporal instability. The temporal stability of the InSAR height was the highest of
all metrics (mean r = 0.86). The environmental conditions (freezing
and precipitation) possibly contributed to the lowest consistency between two acquisitions taken under these contrasting settings. Nevertheless, the consistency for this pair was still rather high for all
TanDEM-X metrics, indicating that the analysis of the TanDEM-X data
acquired under relatively mild meteorological conditions should not be
a problem. We also showed that in most cases the temporal mean of
TanDEM-X metrics yielded a stronger relationship with the ALS vegetation height, when compared to the performance of the single acquisitions. In general, however, the performance of the single acquisitions
was comparable with the performance of the temporal mean, indicating
that a single acquisition can also be used when multiple pairs are not
available.

Table 6
Pearson correlation coeﬃcients between TanDEM-X metrics and ALS vegetation
height for all single acquisitions as well as for the temporal mean of acquisitions.
Date of TanDEM-X pair

r backscatter

r coherence

r InSAR height

20150601
20150623
20150715
20150726
20150806
20150817
20150828
Temporal mean

0.57
0.55
0.58
0.57
0.6
0.61
0.56
0.67

−0.65
−0.66
−0.66
−0.61
−0.55
−0.58
−0.74
−0.69

0.66
0.75
0.73
0.75
0.73
0.74
0.74
0.78

northern edge of the treeline.
In our study, the temporal stability between acquisitions was high
for the backscatter (mean r = 0.7). This is in line with the ﬁndings of
Askne et al. (2017) who report a very high consistency between multiple TanDEM-X backscatter images over boreal forest, with the exception of acquisitions with high snow cover and precipitation. The
15

Remote Sensing of Environment 231 (2019) 111251

S. Antonova, et al.

7. Conclusions
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This is the ﬁrst study to explore the potential of TanDEM-X data for
estimating tree height in small forest patches at the northern edge of the
treeline zone in the Canadian Arctic. We tested the relationships between the ALS-derived forest height and SAR backscatter, bistatic coherence, and InSAR height from several TanDEM-X bistatic pairs of the
same geometry and baseline. The linear regression yielded correlation
coeﬃcients of 0.57, −0.65, and 0.69 for the backscatter, bistatic coherence, and InSAR height correspondingly. The tree density derived
from ALS was low (≤2 trees per ca. 175 m2) and showed almost no
relationship to the TanDEM-X metrics, meaning that very likely these
metrics can be solely attributed to the forest height in these environments. All three TanDEM-X metrics were then used as predictive variables for estimating the forest height with the random forests regression. Mean absolute error was 0.7 m, which represents 30% of the mean
forest height (2.5 m) in the study area. Using only bistatic coherence
would lead to a larger error, but can be valuable when the external
DTM, necessary for the formation of InSAR height, is not available.
InSAR height strongly correlated to the ALS vegetation height but the
absolute values diﬀered by one order of magnitude. It is evident that
the TanDEM-X metrics behave diﬀerently in the sparse forest of the
transition zone than in dense forests. More studies from other sites in
the vicinity of the treeline as well as TanDEM-X acquisitions with other
geometries and baselines should provide more insights into the SAR
signal interaction with a sparse and low forest. Assuming the global
availability of the TanDEM-X bistatic data, acquired for the global DEM
production, we suggest that a circum-polar assessment of the tree
height in the forest-tundra transition zone can be pursued.
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