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Assessment of linear relationships between TanDEM-X 
coherence and canopy height as well as aboveground 
biomass in tropical forests
M. Schlund a and H. -D. V. Boehmb

aDepartment of Natural Resources, Faculty of Geo-information Science and Earth Observation (ITC), 
University of Twente, Enschede, The Netherlands; bKalteng Consultants, Hoehenkirchen, Germany

ABSTRACT
Information about the forest structure attributes like canopy height 
and aboveground biomass (AGB) are crucial for forest monitoring 
systems and in the assessment of the global carbon cycle. The 
globally available TerraSAR-X add-on for Digital Elevation 
Measurement (TanDEM-X) data are a potential data source for 
estimating canopy height and AGB. Several empirical and semi- 
empirical investigations have indicated a linear relationship 
between X-band coherence and canopy height as well as AGB. 
The generality of this relationship is to date underexplored. In this 
study, the volume coherence of bistatic TanDEM-X acquisitions was 
retrieved and linearly related to canopy height and AGB in different 
tropical study areas to assess the generality of their relationship. 
Airborne light detection and ranging (LiDAR) data were also used to 
complement the estimation of canopy height and AGB with the 
X-band volume coherence. The results indicated that the linear 
function provides a statistically significant fit to the observed rela-
tionship between coherence and canopy height as well as AGB. The 
estimation of canopy height with this linear relationship resulted in 
a coefficient of determination R2 of 0.72 and a root mean square 
error (RMSE) of 6.4 m (15.7%), where the AGB estimation had 
a decreased accuracy with an R2 of 0.59 and RMSE of 88.2 t ha−1 

(21%). The estimation where the LiDAR (light detection and ran-
ging)-based AGB relationship and coherence was combined 
revealed generally similar accuracies compared to the coherence 
alone. This confirms that the TanDEM-X coherence can support the 
consistent estimation of canopy height and AGB, where it provides 
as a minimum a source for a stratification to assess the spatial 
distribution of qualitative AGB classes.
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1. Introduction

Forests are highly relevant to the global carbon cycle and climate change, where they act 
as sinks when growing, sources when disturbed and as stable pool when undisturbed for 
CO2 (GCOS 2015). The estimation of forest structural properties like aboveground biomass 
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(AGB) for retrieving information about its spatial distribution and change over time is 
essential to understand and quantify the global carbon balance (Pan et al. 2011). The 
combination of field measurements and remote sensing seems particularly useful for 
forest monitoring and the estimation of the structural properties of forests on a large 
spatial scale (Gibbs et al. 2007). The potential of synthetic aperture radar (SAR) data for 
forest monitoring applications has long been recognized. Low frequencies like L- and 
P-band are generally considered to have more potential than high frequencies like X- and 
C-band in forestry applications, such as in estimating AGB due to their higher penetration 
capability (Le Toan et al. 1992; Imhoff 1995; Castro, Sanchez-Azofeifa, and Rivard 2003; 
Schlund and Davidson 2018). However, the potential of high-frequency SAR systems for 
monitoring forests and estimating their height and AGB has also been demonstrated, in 
which their interferometric information was found to be particularly useful (Solberg et al. 
2010; Treuhaft et al. 2015; Schlund et al. 2015, 2016; Olesk et al. 2016; Schlund et al. 2019). 
Other key technologies for monitoring forest and estimating their structural attributes are 
passive microwave (Liu et al. 2015) and LiDAR (light detection and ranging) sensors 
(Lefsky et al. 2005; Asner 2009; Hu et al. 2016) as well as the combination of different 
sensors (Saatchi et al. 2011; Baccini et al. 2012; Hu et al. 2016).

LiDAR data have achieved high accuracies in the estimation of forest canopy height 
and AGB, but is normally limited in its spatial coverage and thus has to be integrated into 
a sampling scheme to receive a consistently wide coverage (Asner 2009; Qi et al. 2019; 
Schlund, Erasmi, and Scipal 2020). In contrast, the TerraSAR-X add-on for Digital Elevation 
Measurement (TanDEM-X) mission provides interferometric SAR (InSAR) data consistently 
on global scale, where the interferometric coherence was used to estimate canopy height 
and AGB in different case studies (Kugler et al. 2014; Treuhaft et al. 2015; Schlund et al. 
2015; Chen, Cloude, and Goodenough 2016; Joetzjer et al. 2017; Chen et al. 2018; Olesk 
et al. 2016; Schlund et al. 2019). These studies evaluated the relationship at each study 
area individually, where the empirical basis of the relationship between TanDEM-X 
coherence and canopy height as well as AGB was not rigorously assessed. 
Consequently, the validity and generality of the found relationships are to date under-
explored. A generic relationship across biomes and different forests between coherence 
and canopy height as well as AGB would support the globally consistent estimation of 
these variables. Moreover, it could improve the understanding of the effect of different 
forest structures even though the generic relationship might result in lower accuracies 
compared to a locally calibrated model (Knapp et al. 2020).

A linear relationship has been frequently used to estimate AGB as well as canopy 
height with TanDEM-X coherence (Treuhaft et al. 2015; Schlund et al. 2015; Olesk et al. 
2016; Schlund et al. 2019). This is based on the fact that the Random Volume over Ground 
(RVoG) model must be simplified for TanDEM-X single-polarization acquisitions, whereby 
the RVoG or derivations of it are commonly used to estimate canopy height with polari-
metric interferometric SAR data (PolInSAR) (Kugler et al. 2014; Khati, Singh, and Ferro- 
Famil 2017). In most studies, the simplifications rely on the assumption that the extinction 
of the TanDEM-X data is zero and the X-band wave will not penetrate to the ground, 
which results in a sinc model (Chen, Cloude, and Goodenough 2016; Olesk et al. 2016; 
Schlund et al. 2019). Furthermore, it is known that the models perform best if the forest 
height is in the range or smaller than the height of ambiguity (HoA). This also means that 
a linear function can be used to approximate the sinc function. Consequently, a linear 

3406 M. SCHLUND AND H.-D. V. BOEHM



model could be established between TanDEM-X coherence and canopy height, where 
previous studies have found that this linear relationship performed similarly to the sinc 
model (Olesk et al. 2016; Schlund et al. 2019). A linear relationship between AGB and 
canopy height models (CHM) from TanDEM-X or LiDAR data has been found in other 
studies (Solberg et al. 2010, 2013; Schlund et al. 2016; Solberg et al. 2017; Schlund, Erasmi, 
and Scipal 2020). It can be argued that the canopy heights are a plot level aggregated 
metric (Asner and Mascaro 2014), which is affected by the height and the canopy density, 
where the AGB is determined by the product of these two properties (Treuhaft and 
Siqueira 2004; Solberg et al. 2013). This is in contrast to allometry based on individual 
trees and a linear relationship was considered appropriate (Solberg et al. 2013). It can be 
assumed that a linear relationship between interferometric coherence and canopy height 
as well as between canopy height and AGB will result in a linear relationship between 
interferometric coherence and AGB, which has been confirmed in different individual 
areas (Treuhaft et al. 2015; Schlund et al. 2015).

The objective of this study is to assess the linear relationship of interferometric 
coherence and canopy height as well as AGB in different tropical forests on three 
continents to empirically confirm the validity and generality of these relationships. 
Having established the generality of the linear relationship between coherence and 
canopy height as well as AGB, it is then used to estimate both quantities. It is worth 
noting that empirical functions are necessary to provide reliable results in the estimation 
of canopy height and AGB with TanDEM-X single-polarized coherence (Schlund et al. 
2015; Chen, Cloude, and Goodenough 2016; Olesk et al. 2016; Schlund et al. 2019). This 
requires a calibration (i.e. training) of the empirical linear functions. However, once 
a general relationship between different quantities has been established, the calibration 
of the empirical functions can be supported with external data sources like LiDAR data. 
Therefore, in this study, it has been assessed if a linear relationship between LiDAR-based 
canopy height and AGB can be also used to support the calibration of the empirical 
function between TanDEM-X coherence and AGB or canopy height. This could be a way 
forward combining data from TanDEM-X and airborne LiDAR data or even spaceborne 
missions like GEDI (Qi and Dubayah 2016; Qi et al. 2019; Schlund, Erasmi, and Scipal 2020). 
This would enable the combined use of the different sensor systems such as LiDAR and 
InSAR, which would support a spatially and temporally consistent estimation of canopy 
height and AGB. Such an estimation could be used, at a minimum, to provide information 
about the canopy height and AGB distribution, but it could be also assimilated into 
dynamic ecosystem and vegetation models (Joetzjer et al. 2017; Yang et al. 2020).

2. Data

2.1. Study areas and in situ data

The study areas are distributed over three continents covering South-American, African, 
and Asian tropical forests. Furthermore, the study was conducted in different types of 
tropical forests, which included the transition from savannah to mature tropical forests as 
well as tropical peat swamp forest.

Three study areas were in Gabon, namely Lopé, Mondah and Rabi. Lopé is a protected 
forest area about 250 km east of Libreville. This area included the transition from 
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savannah to mature tropical forest resulting in a high structural diversity (Labriere et al. 
2018; Silva et al. 2018). In contrast to Lopé, in Mondah parts of the forests were disturbed 
or deforested, whereas others remained pristine (Walters et al. 2016; Labriere et al. 2018). 
This study area is a coastal area about 25 km northwest of Libreville. Rabi, about 260 km 
south of Libreville, is a lowland tropical forest. It is partially protected similar to Mondah, 
but oil drilling is also carried out in this area. However, parts of the forest were kept intact 
to preserve the forest, which was true for the forest plots (Labriere et al. 2018). Paracou is 
a study area south of Sinnamary in French Guiana, South America, which is also mainly 
covered by tropical lowland forest (Dubois-Fernandez et al. 2012; Schlund, Erasmi, and 
Scipal 2020). The Mawas study area is located about 60 km east of Palangkaraya, Central 
Kalimantan, Indonesia. This is a tropical peat swamp forest, which is under protection as 
conservation area (Schlund et al. 2015).

Forest inventories were conducted for all study areas, by which data from a total of 84 
plots were available for this study (Table 1). The size of the plots varied from 0.1 ha in 
Mawas to 6.25 ha (n= 15) and 25 ha (n= 1) in Paracou (Schlund et al. 2015; Labriere et al. 
2018). The size of the plots in Gabon was generally 1 ha, whereas three plots of young 
colonizing forest in Lopé were 0.5 ha Labriere et al. (2018). The tree measurement 
protocols were generally similar where the tree height and diameter at breast height 
(DBH) of trees when more than 10 cm were measured. The height was measured from 
a sample of trees in French Guiana and the African areas, where Michaelis–Menten models 
were used to predict the tree height from DBH (Molto et al. 2014; Labriere et al. 2018). 
Trees with more than 5 cm DBH were measured in Savannah and young colonizing forest 
plots in Lopé, which was the only exception based on the fact that these plots mainly 
consisted of small trees contributing substantially to the AGB (Labriere et al. 2018). The 
same non-linear allometric equation was applied in all study areas to estimate the AGB for 
each tree, where the DBH (cm), tree height (m), and oven-dry wood density (gcm−3) was 
used (Chave et al. 2014). The AGB for each tree was summed and normalized to a 1 ha unit 
area resulting in a plot-based AGB in t ha−1. Density values were extracted from the Global 
Wood Density Database (Chave et al. 2009). More information and the data can be 
obtained from the Forest Observation System (FOS) (Schepaschenko et al. 2019a, 2019b).

The plot AGB ranged in the different study areas from 0.6 t ha−1 in Lopé to 513.9 t ha−1 

in Rabi. In general, the ranges of AGB were relatively similar, whereas the averages of AGB 
were different between the individual areas. Mondah had the lowest average AGB at 
119.7 t ha−1 and Paracou had the highest average AGB of 319.9 t ha−1 (Table 1).

Table 1. Study areas and average CHM (with range in brackets) and AGB (with range in brackets) of 
available forest plots (n is the number of forest plots used in this study).

Study area CHM (m) AGB (t ha−1) n Year of inventory Year of LiDAR acquisition

Lopé 25.5 218.4
(1.9 to 42.7) (0.6 to 404.2) 12 2016 2016

Mawas 18.2 168.6
(13.3 to 25.1) (106.4 to 235.7) 16 2014 to 2015 2007

Mondah 19.4 119.7
(5.0 to 31.3) (2.3 to 331.8) 15 2016 2016

Paracou 27 319.9
(24.3 to 30.7) (257.5 to 485.7) 16 2009 2009

Rabi 32.7 298.2
(28.0 to 37.7) (205.2 to 513.9) 25 2010 to 2012 2016
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2.2. Remote sensing data

2.2.1. TanDEM-X data
The TanDEM-X mission consists of two X-band SAR satellites flying in close formation, 
which are able to acquire single-pass interferometric SAR data to create a global digital 
elevation model (DEM) (Krieger et al. 2007). Both sensors use a phased-array X-band 
antenna with a carrier frequency of 9.65 GHz (i.e. 3.1 cm wavelength) to transmit and 
receive the electromagnetic waves (Pitz and Miller 2010).

Only TanDEM-X datasets that had also been utilized in the creation of the TanDEM-X 
DEM in the respective study areas were used in this study. Consequently, the data were 
acquired in horizontal polarization (transmit and receive; HH) and StripMap mode result-
ing in a resolution of about 3 m (Table 2). One sensor acts as transmitter and receiver 
(monostatic/active) while the other only receives (bistatic/passive) the electromagnetic 
waves in the bistatic acquisition mode. Spectral filtering in azimuth and range was applied 
in order to reduce decorrelation due to Doppler centroid shift and the geometric proper-
ties of the acquisition, and the data were co-registered and resampled to CoSSC (co- 
registered single-look slant range complex) data products (Fritz 2012).

The height of ambiguity was about 50 m for all acquisitions. This height of ambiguity 
was generally used for the global TanDEM-X acquisition because it achieved the best 
trade-off in terms of interferometric accuracy and sensitivity (Martone et al. 2012). In 
addition, a height of ambiguity which is approximately similar or higher than the max-
imum canopy heights resulted in the best results of the canopy height estimation 
(Schlund et al. 2019). The consistency of the established models was tested in each 
study area, where the acquisition parameters should be similar. Consequently, two 
TanDEM-X acquisitions for each study area were selected, which were in line with these 
conditions. Note that most available acquisitions with this height of ambiguity and that 
were temporally not too different to in situ and LiDAR data acquisition was acquired in 
descending orbit direction, while only one acquisition in Paracou was acquired in ascend-
ing orbit.

2.2.2. Airborne laser scanning data
Airborne laser scanning (ALS) data acquired with LiDAR sensors were available for all 
study areas. The ALS data were collected with a small footprint Riegl laser rangefinder in 
Paracou and Mawas (Dubois-Fernandez et al. 2011; Schlund et al. 2015, 2016). The point 

Table 2. Summary of TanDEM-X datasets (incidence angle θ and height of ambiguity (HoA) at the 
centre of the scene).

Study area Acquisition date θ (°) Resolution (m) azimuth × range HoA (m) Orbit

Lopé 31 December 2010 46.3 3.3 × 2.4 49.8 Descending
2 October 2011 46.1 3.3 × 1.6 86.3 Descending

Mawas 21 December 2010 47.7 3.3 × 2.4 51.2 Descending
21 April 2014 47.7 3.3 × 3.4 72.1 Descending

Mondah 17 November 2017 47.7 3.3 × 2.4 51.3 Descending
12 March 2018 31.3 3.3 × 3.4 52.4 Descending

Paracou 15 September 2011 36.2 3.3 × 3.0 48.2 Ascending
5 January 2014 37.1 3.3 × 3.0 66.5 Descending

Rabi 6 May 2011 40.5 3.3 × 2.7 54.0 Descending
22 January 2013 41.4 3.3 × 2.7 101.7 Descending
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clouds were used to retrieve a digital surface model (DSM) and a digital terrain model 
(DTM) with a 1 m spatial resolution in both areas. A large footprint laser altimeter system, 
namely NASA’s Land, Vegetation, and Ice Sensor (LVIS), was used to collect full-waveform 
data with a nominal footprint diameter of 18 m in the African areas (Blair, Rabine, and 
Hofton 1999). The lowest mode within the waveform was used to detect the ground 
elevation (DTM), whereas the height at which 98% of the waveform energy occurs in 
relation to the ground elevation was used to retrieve the surface height (DSM) (Blair, 
Hofton, and Rabine 2018). The 98% percentile height was used because it proved best 
when large footprint data from LVIS were compared to a small footprint LiDAR sensor, 
where both resulted in similar ground and forest heights (Silva et al. 2018). The heights of 
the LVIS system were gridded to 15 m pixel spacing.

The CHM based on the ALS data with small and large footprint LiDAR sensors was 
calculated by subtracting pixelwise the DTM from the DSM. The pixels of each CHM within 
an in situ plot were extracted and averaged to retrieve the average canopy height of each 
plot. The canopy height in the different study areas ranged from 1.9 m to 42.7 m, where 
both were found in Lopé. The smallest canopy heights were found on average in Mawas 
(18.2 m), whereas the largest average canopy heights were found in Rabi (32.7 m) 
(Table 1).

3. Methods

3.1. Volume coherence estimation

The volume coherence was derived from the TanDEM-X data, where first the interfero-
metric coherence for each TanDEM-X acquisition was estimated. Multi-look processing 
was applied to obtain a spatial resolution of 12 m. The interferometric coherence is 
a product of individual coherence contributions, where they can be assumed to be 
independent (Krieger et al. 2007; Martone et al. 2012, 2018). The γSNR and γVol were the 
main remaining coherence contributions in the used TanDEM-X acquisitions since spec-
tral filtering was applied in the CoSSC generation and the simultaneous acquisitions 
resulted in negligible temporal decorrelation (Duque et al. 2012; Fritz 2012; Martone 
et al. 2012). The γVol was finally retrieved from the estimated coherence 

γVol ¼
γ

γSNR
(1) 

The signal-to-noise ratio (SNR) coherence γSNR is a function of the SNR of the individual 
channels 

γSNR ¼
1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1þ SNR� 1
1

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1þ SNR� 1
2

q (2) 

and the SNR for image i can be calculated as 

SNRi ¼
β0 sin θ � NESZ

NESZ
(3) 

where β0 means backscattering coefficient, θ means the incidence angle and NESZ means 
the noise equivalent sigma zero, which describes the noise from the antenna pattern and 
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the antenna’s thermal noise (Martone et al. 2012). The NESZ pattern was available for 
every TanDEM-X acquisition, which was used to calculate the NESZ for every pixel and 
channel. This was further utilized to calculate the SNR and SNR coherence γSNR for every 
pixel.

3.2. Linear relationships between volume coherence and canopy height as well as 
aboveground biomass

The linear relationship between volume coherence and canopy height could be sup-
ported by the fact that the frequently used RVoG (Random Volume over Ground) is most 
appropriate when the maximum canopy height equals the height of ambiguity, and thus 
the canopy height hV should be normalized with the height of ambiguity (Olesk et al. 
2016; Schlund et al. 2019) 

jγVolj ¼ j1 � ahV

hV

HoA
j (4) 

where ahV is the slope coefficient in this linear relationship. A relationship between canopy 
height and AGB has been observed frequently in the past, and thus a similar relationship 
between volume coherence and AGB normalized with the height of ambiguity was 
established 

jγVolj ¼ j1 � aAGB
AGB
HoA
j (5) 

where aAGB is the slope coefficient in this linear relationship. The linearity of these 
relationships was assessed using all available data along with the support of the plots 
of the residuals against fitted values, quantile-quantile plots, scale-location plots, and 
residuals versus leverage plots (Cook’s distance plots) (Kutner et al. 2005; Faraway 2006).

The canopy height and AGB were estimated by the inversion of the Equations (4) and 
(5), which were calibrated with data from the first acquisitions only in order to avoid auto- 
correlation based on dependent samples. It was assumed that the number of samples was 
sufficiently high to randomly split between 50% training and 50% validation without 
a rotation. The coefficient of determination and root mean square error (RMSE) were 
calculated to evaluate the performance of the models. The RMSE was further normalized 
with the range of the observed data. Data from the first acquisitions were used to estimate 
canopy height and AGB trained and validated individually in each area. The general model 
was based on data where the volume coherences from the first acquisitions and all areas 
were pooled into one dataset.

3.3 Estimation of canopy height and aboveground biomass using volume 
coherence and the support from laser scanning data

It is possible to equate the Equations (4) and (5) resulting in 

j1 � ahV

hV

HoA
j ¼ j1 � aAGB

AGB
HoA
j (6) 

which can be further simplified to 
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AGB ¼
ahV

aAGB
hV (7) 

In addition to the estimations using volume coherence, the AGB was estimated by using 
the canopy height from ALS data with linear models without intercept, which have been 
successfully used in the past (Neeff et al. 2005; Solberg et al. 2013; Solberg, Weydahl, and 
Astrup 2015; Solberg et al. 2017; Schlund, Erasmi, and Scipal 2020) 

AGB ¼ aALShV (8) 

where aALS means the slope coefficient of the ALS canopy height to the AGB relationship. 
A linear relationship was also considered in this study based on the fact that the canopy 
height models were determined by gaps in the canopy (i.e. canopy density) as well as the 
height of the canopy, where the product of both is assumed proportional to AGB 
(Treuhaft and Siqueira 2004; Solberg et al. 2013). In addition, the linear form enables 
the simple comparison of the Equations (7) and (8), which revealed that 

aALS ¼
ahV

aAGB
(9) 

which means that the linear relationship of the ALS canopy height and the AGB could 
support the estimation of canopy height or AGB with volume coherence. The averaged 
CHM value of each plot was further related to AGB to retrieve the slope coefficient aALS in 
Equation (8). The slope coefficient of volume coherence and AGB can be simply retrieved 
assuming that the relationship between volume coherence and canopy height as well as 
between ALS canopy height and AGB is known. Therefore, the AGB was estimated with 
the volume coherence using the slope coefficients aALS and ahV to retrieve aAGB 

(aAGB ¼
ahV
aALS

). This analysis would confirm that ALS data could support the estimation of 
AGB with volume coherence. Similarly, the ahV was retrieved with aALS and aAGB and 
solving Equation (9) after ahV (ahV ¼ aAGB � aALS).

3.4. Spatial consistency of the estimations

The volume coherence estimated individually for each date was spatially compared with the 
structural similarity (SSIM) index (Wang et al. 2004; Jones et al. 2016). This index indicated 
the consistency of the interferometric coherence and the subsequent estimations of canopy 
height and AGB not only on plot level, but also on spatial level for the whole acquisitions. 
The SSIM index was estimated by a moving window of 3 by 3 pixels to assess the similarity 
of local contrasts in magnitude (i.e. mean l and variance c) and structure (i.e. correlation s). 
The SSIM is ultimately the product of the similarity in mean, variance and spatial correlation 
(Wang et al. 2004; Jones et al. 2016). The latter ranges from −1 to 1 indicating negative and 
positive correlations of the compared images, whereas the similarity in mean and variance 
ranges from 0 to 1 indicating no similarity to high similarity. Consequently, the SSIM as the 
product of the three components ranges from −1 to 1, where −1 means dissimilarity and 1 
identical information (Wang et al. 2004; Jones et al. 2016).
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4. Results

4.1. Relationship of X-band interferometric coherence and normalized canopy 
height as well as aboveground biomass

The visual analysis of scatterplots and diagnostic plots suggests that the relationship 
between volume coherence of TanDEM-X and canopy height as well as AGB normalized 
with the height of ambiguity was linear (Figure 1). No systematic deviation from 
a horizontal line was observed in the the plots of the residuals against the fitted values 
and the scale-location plots. A systematic deviation would indicate that the linear model is 
not a good fit to the data. The residuals followed a straight line in the quantile-quantile 
plot for both variables (canopy height and AGB), which suggested that the residuals were 
normally distributed. In addition, all values were within the Cook’s distance and there 
were no outliers, which would have had a substantial influence on the regression (Figure 

Figure 1. Scatterplots (a and b) and diagnostic plots (c to j) of the linear relationship between 
TanDEM-X volume coherence and canopy height as well as AGB normalized with the height of 
ambiguity (with an intercept of 1).
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1). The low p-values of the F-test statistics for the pooled data as well as of the individual 
study areas supported the conclusion of a linear regression, in which the relationship was 
generally highly significant at 99.9% level for the canopy height as well as the AGB 
(Table 3).

The pooled data of all acquisitions resulted in a linear relationship of volume coherence 
and canopy height with a coefficient of determination of 0.72 and a slope of 0.56 (Figure 1 
& Table 3). The slopes of the individual areas ranged from 0.33 in Mawas to 0.64 in 
Mondah. The coefficient of determination was generally above 0.50, except for the Mawas 
area where the coefficients of determination were 0.29 and 0.35 (Table 3).

The lowest coefficients of determination in the regression of volume coherence and 
AGB were also observed in Mawas. In general, the R2 in the AGB regression was lower 
compared to the canopy height. The coefficients of determination ranged from 0.30 to 
0.63 for the AGB, where the pooled data achieved a coefficient of determination of 0.48. 
The slope of the pooled data was 0.052 for the linear relationship between volume 
coherence and AGB, where it ranged in the individual areas from 0.039 in Mawas to 
0.073 in Mondah (Table 3).

However, the different acquisition dates of each individual area generally resulted in 
similar slopes of the relationship for both variables. The largest difference was observed in 
Mawas, where the slopes differed by 0.2 for the canopy height and 0.02 for the AGB. 
Similarly, the pooled data with the first acquisition dates resulted in a similar slope 
compared to the pooled data with the second acquisition dates as well as to the pooled 
data with both acquisition dates for the canopy height and the AGB (Table 3).

The similarity between different acquisition dates was also confirmed by the SSIM 
index, where the three components l, c, and s as well as their product were considered. In 
general, the comparisons of the means (l) and standard deviations (c) generally revealed 
a similarity above 0.9. Lowest values of 0.93 were found for l in Mawas and for c in 
Mondah. The comparisons of correlations (s) revealed in general values of 0.79 and higher. 
The only exception was Paracou, where the value was 0.13. This also resulted in the lowest 
overall SSIM value of 0.12 in Paracou, whereas the other SSIM values were 0.72 in Mondah 
to 0.85 in Rabi (Table 4).

Table 3. Summary of the relationship between TanDEM-X coherence and canopy height as well as 
AGB (with a fixed intercept of 1).

Study area Canopy height AGB ahV=aAGB

ahV R2
hV

p-value aAGB R2
AGB p-value

Lope0t1 0.444 0.63 ≤ 0.001 0.048 0.59 ≤ 0.001 9.311
Lope0t2 0.460 0.64 ≤ 0.001 0.049 0.63 ≤ 0.001 9.353
Mawast1 0.330 0.29 ≤ 0.001 0.039 0.30 ≤ 0.001 8.393
Mawast2 0.531 0.35 ≤ 0.001 0.056 0.31 ≤ 0.001 9.459
Mondaht1 0.545 0.73 ≤ 0.001 0.063 0.40 ≤ 0.001 8.625
Mondaht2 0.637 0.68 ≤ 0.001 0.073 0.40 ≤ 0.001 8.783
Paracout1 0.595 0.76 ≤ 0.001 0.044 0.45 ≤ 0.001 13.471
Paracout2 0.546 0.64 ≤ 0.001 0.042 0.59 ≤ 0.001 12.922
Rabit1 0.624 0.50 ≤ 0.001 0.067 0.22 ≤ 0.001 9.370
Rabit2 0.594 0.56 ≤ 0.001 0.063 0.25 ≤ 0.001 9.371
Allt1 0.554 0.67 ≤ 0.001 0.052 0.47 ≤ 0.001 10.576
Allt2 0.565 0.67 ≤ 0.001 0.052 0.35 ≤ 0.001 10.905
Allt1þt2 0.558 0.72 ≤ 0.001 0.052 0.48 ≤ 0.001 10.680
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4.2. Estimation of canopy height and aboveground biomass

In the following, the model inversion for estimating canopy height is presented based on 
the pooled first date acquisitions in order to avoid auto-correlation due to dependent 
samples when combining first and second acquisition. The R2 of the validated samples 
was 0.71 and the RMSE was 6.4 m (15.7%). Most errors and deviations from the 1:1 line 
were observed at higher canopy heights, which were in the order of the height of 
ambiguities of the used acquisitions (Figure 2). Furthermore, boxplots of canopy height 
residuals in each area indicated that this general model resulted in no substantial 
systematic over- or underestimation. Only the median in Lopé and Mawas indicated an 
underestimation of about 5 m. The medians of the residuals were about 0 m in the other 
areas, where the residuals were normally distributed (Figure 2).

Similarly to the canopy height, the model for estimating AGB was trained and validated 
with all acquisitions from the first date only. The R2 of the validated samples was 0.59, 
where the RMSE was 88.2 t ha−1. Consequently, the accuracy of the AGB estimation was 
generally lower compared to the canopy height. Again, the over- or underestimations 
were limited. However, a small overestimation was observed in Mondah and Rabi 
(Figure 3).

The spatial representation of the AGB estimation with ALS canopy height and 
TanDEM-X volume coherence confirmed the similarity between both estimations. In 
general, the spatial patterns were similar between ALS and TanDEM-X-based estima-
tions (Figure 4). The lowest level of AGB was observed in Mawas, whereas the other 
areas had a generally higher AGB level. Lopé and Mondah showed a high dynamic 
range in AGB, where the AGB ranged from 0 t ha−1 to about 600 t ha−1. The largest 

Table 4. Average SSIM values of the two coherences in each 
study area.

Study area SSIM l c s

Lope0 0.75 0.98 0.96 0.79
Mawas 0.82 0.93 0.98 0.90
Mondah 0.72 0.98 0.93 0.79
Paracou 0.12 0.99 0.94 0.13
Rabi 0.85 0.99 0.98 0.88

Figure 2. Validation of the linear relationship between TanDEM-X volume coherence and canopy 
height with the pooled data from the first acquisitions (a) and the residuals in the individual areas (b).
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visual discrepancies between the ALS and TanDEM-X-based estimation were observed 
in Lopé, where the TanDEM-X-based estimation indicated overestimations of the AGB 
(Figure 4). However, these were outside the plot locations and were therefore not part 
of the training and validation.

The individual estimations had a generally similar R2 compared to the estimation from 
the pooled data. The individual R2 was higher in Mondah and Mawas compared to the R2 

from the pooled data in the canopy height estimation. The RMSE in m was lower in 
Mondah, Paracou, and Rabi compared to the pooled data. The R2 in the AGB estimation 
was higher in Lopé and Paracou compared to the pooled data, whereas the RMSE in t ha−1 

was lower in Mawas, Paracou, and Rabi compared to the pooled data. However, the 
coefficients of determination and RMSE values did not differ substantially between the 
estimations with training and validation in the individual areas compared to the pooled 
data of all areas (Table 5).

Figure 3. Validation of the linear relationship between TanDEM-X volume coherence and AGB with the 
pooled data from the first acquisitions (a) and the residuals in the individual areas (b).

Figure 4. Spatial representation of the AGB estimated with ALS canopy height (a to e) and TanDEM-X 
volume coherence (f to j) in Lopé (a and f), Mawas (b and g), Mondah (c and h), Paracou (d and i) and 
Rabi (e and j).
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4.3. Estimation of canopy height and aboveground biomass with support from 
laser scanning data

The coefficient of determination of the regression between ALS canopy height and AGB 
was 0.68, where the slope coefficient aALS was 9.76 (Figure 5). Equation (9) suggests that 
the ratio of the slope coefficients of the linear relationship between volume coherence 
and canopy height as well as AGB equalled the slope coefficient of the regression 
between ALS canopy height and AGB. The ratio ahV=aAGB ranged from 8.4 to 13.5 for 
the different study areas. The smallest values were found in Mawas and Mondah, whereas 
the highest values were found in Paracou. The pooled data resulted in values of 10.6, 10.9, 
and 10.7 for this ratio (Table 3).

The slope coefficient of the regression between ALS canopy height and AGB was used 
together with the slope of the canopy height and volume coherence regression to 
retrieve the slope of AGB and volume coherence regression (aAGB ¼

ahV
aALS

, where ahV was 
0.554 and aALS was 9.76). This resulted in a aAGB of 0.056. Similarly, the slope coefficient of 
the AGB and volume coherence regression was used together with aALS to estimate the 

Table 5. Summary of the validation for the estimations of canopy height and AGB based on TanDEM-X 
volume coherence trained with data from the individual areas and with the pooled data.

Study area Canopy height AGB

R2
hV

RMSE (m) RMSE (%) R2
AGB RMSE (t ha−1) RMSE (%)

Lopé 0.66 9.3 22.7 0.62 101.2 25.1
Mawas 0.73 7.6 43.7 0.55 63.5 16.8
Mondah 0.82 4.0 15.3 0.46 94.9 28.8
Paracou 0.40 4.0 32.6 0.71 75.1 17.8
Rabi 0.62 5.6 26.8 0.44 63.4 17.3
All 0.72 6.4 15.7 0.59 88.2 20.7

Figure 5. Linear relationship between ALS canopy height and AGB without intercept.
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slope coefficient of the canopy height and volume coherence regression 
(ahV ¼ aAGB � aALS). Consequently, in this estimation ahV was 0.547. Note that again only 
the first dates were used with 50% of the samples as training and 50% as validation in 
order to avoid dependent estimations. This slope coefficient was further used to estimate 
canopy height with volume coherence.

The estimations supported by the ALS canopy height resulted in R2 values of 0.71 in the 
canopy height and 0.59 in the AGB estimation. The RMSEs were 6.7 m (16.4%) and 85.2 t 
ha−1 (20.0%), where again no systematic over- or underestimation was observed (Figure 
6). In general, the error distribution was similar compared to the estimations without 
support from the ALS canopy height (Figures 2, 3 and 6).

5. Discussion

This study confirms that the volume coherence at X-band is related to forest structure 
attributes such as canopy height and AGB (Kugler et al. 2014; Treuhaft et al. 2015; Schlund 
et al. 2015; Olesk et al. 2016; Chen, Cloude, and Goodenough 2016; Schlund et al. 2019). 
Empirical functions were suggested to account for ambiguity effects in the linear and sinc 
relationship between TanDEM-X coherence and canopy height (Olesk et al. 2016; Chen, 
Cloude, and Goodenough 2016). Consequently, empirical functions were used to estimate 
canopy height in this study, which support the linear model for canopy height estimation. 
However, little is known about what determines the slope of the relationship. The 
selection of heights of ambiguity for this study was based on the fact that these heights 
of ambiguity are generally used for the global digital elevation model acquisition of 
TanDEM-X over forest areas. The relationship found might be applicable for a large 
range of forests acquired with similar height of ambiguities, even though the knowledge 
of what determines the slope of the relationship is limited. This was confirmed by the fact 
that the pooled data of all available study areas resulted in a similar slope and accuracy 
compared to the individual areas. Higher accuracies in the canopy height estimation in 

Figure 6. Validation of the linear relationship between TanDEM-X volume coherence and canopy 
height (a) as well as AGB (b) with the pooled data from the first acquisitions and slope coefficient 
estimated with the support of ALS data.
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terms of R2 and RMSE compared to this study could be achieved by using dual-polarized 
or full-polarized TanDEM-X data (Kugler et al. 2014; Khati, Singh, and Ferro-Famil 2017; 
Khati, Singh, and Kumar 2018). However, these datasets are not available on a global scale 
and are therefore limited in their applicability.

The AGB is a function of different tree attributes, which are reflected in allometric 
models, where the tree height is highly relevant (Chave et al. 2005, 2014; Jucker et al. 
2017). The canopy height on plot, or stand level, was considered to have a high potential 
for estimating AGB (Neeff et al. 2005; Solberg et al. 2010; Schlund et al. 2016; Solberg et al. 
2017; Schlund, Erasmi, and Scipal 2020; Knapp et al. 2020). Consequently, the volume 
coherence of TanDEM-X can be directly related to the AGB assuming that it can be used to 
estimate the canopy height. This direct relationship achieved an R2 of 0.59 and an RMSE of 
88.2 t ha−1 (20.7%). Again, a linear relationship was considered appropriate between 
volume coherence and AGB. In general, the coefficients of determination as well as the 
relative RMSE indicated lower accuracy in the AGB estimation compared to the canopy 
height estimation with X-band coherence. This could be based on the fact that the 
interferometric coherence is related to the volume height (i.e. canopy height), which is 
further related to AGB. Consequently, errors and inaccuracies propagate in the AGB 
estimation. Despite potential inaccuracies in absolute AGB estimation, the estimated 
AGB indicates its spatial distribution and also different forest structure types, conditions 
of forests and forest degradation. This indication can support sampling schemes for forest 
stratification purposes (Schlund et al. 2015).

The results were found purely empirically, where a further understanding of the linear 
coefficients is necessary. Physical models are of relevance for improving the understand-
ing of the empirically found relationships. Nevertheless, simplifications of the semi- 
empirical RVoG model support the findings of this study (Olesk et al. 2016; Schlund 
et al. 2019). The applicability of the relationships found should be studied further, as 
different regression coefficients could be also caused by topographical effects. This results 
in different estimations as can be seen in Lopé outside the forest plots, where the forest 
plots were generally acquired in flat terrain.

It is important to note that the calibration and validation in this study were based on 
forest plots in tropical forests. It was found that this could result in an erroneous overall 
AGB estimation and conclusions from outside of forests have limited validity (Schlund, 
Scipal, and Davidson 2017). Consequently, a forest classification is necessary to mask out 
non-forest areas, which could be created from TanDEM-X data or other data sources 
(Schlund et al. 2014; Baron and Erasmi 2017; Martone et al. 2018).

The similarity of aALS and ahV
aAGB 

confirms that ALS and TanDEM-X data provide comple-
mentary information. This is relevant since the globally consistent TanDEM-X data could 
complement the normally spatially limited ALS data. The canopy height models were 
information aggregated to plot level and thus were assumed to be determined by the 
canopy density and height, where the product of both was assumed proportional to the 
AGB (Treuhaft and Siqueira 2004; Solberg et al. 2013; Asner and Mascaro 2014). Therefore, 
previous studies revealed an insignificant exponent or an exponent close to one in the 
power-law form in the relationship of canopy height on plot level and AGB (e.g. Solberg 
et al. (2013); Asner and Mascaro (2014); Schlund and Davidson (2018)). Furthermore, the 
linear model of canopy height and AGB was considered easy to interpret enabling the 
comparison with the linear relationships of coherence and canopy height as well as AGB. 
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Therefore, the linear relationship between canopy height and AGB was similar to other 
studies assumed appropriate (Neeff et al. 2005; Solberg et al. 2010; Schlund et al. 2016; 
Solberg et al. 2017; Schlund, Erasmi, and Scipal 2020). The canopy height and AGB 
estimation can be calibrated and validated in a limited number of areas with ALS cover-
age, which are further applied to TanDEM-X data to provide canopy height and AGB 
information on a larger spatial scale. A combined estimation of canopy height with 
spaceborne LiDAR data (e.g. GEDI) and TanDEM-X was suggested in previous studies (Qi 
and Dubayah 2016; Qi et al. 2019). This could potentially bridge the gap between in situ 
measurements and spaceborne data (Réjou-Méchain et al. 2019). Furthermore, the results 
of this study suggest that the estimations were consistent for the different acquisitions on 
plot level and on spatial level indicated by the SSIM. The TanDEM-X data from the same 
orbit direction were generally highly similar with SSIM values of higher than 0.7. The 
similarity in terms of correlation decreased with data from different orbit directions 
resulting in lowest SSIM, as was observed in Paracou. Consequently, the consistency 
between acquisitions was highest for the same orbit directions and to achieve the highest 
accuracies the general models should be calibrated and validated individually for the orbit 
directions. However, the similarity of local contrasts in magnitude (i.e. mean l and variance 
c) was also highly similar in Paracou, which means that the canopy height and AGB 
estimation was highly similar in their spatial average and variance.

It was assumed that in the analysis no change occurred between the different TanDEM- 
X acquisitions as well as between the in situ and ALS data acquisitions. This is one 
potential source of error in this analysis (Réjou-Méchain et al. 2019). However, the 
observed forests were generally mature and it can be assumed that forest growth was 
negligible in the time frames of the acquisitions. Furthermore, the forest plots were 
located in stable areas with low frequencies of change, where some of the forest plots 
were even located in protected areas. For instance, the Mawas area with the largest 
temporal discrepancy between the acquisition dates is a conservation area. This area was 
assumed to be undisturbed with stable AGB and even increase of AGB in the eastern part 
of the Mawas area (Schlund et al. 2015; Wedeux et al. 2020), where only few plots were 
sampled. However, the reported growth rate by Wedeux et al. (2020) was lower than the 
error of the AGB estimation. The lowest coefficient of determination in Mawas compared 
to the other areas could be also based on the fact that the area had the lowest range and 
variability of canopy height and AGB. Consequently, changes based on deforestation, 
forest degradation, or growth were neglected in this study.

6. Conclusion

The estimation of forest structure attributes is important for the assessment of the global 
carbon cycle. The study revealed that TanDEM-X has the potential to provide information 
about canopy height and AGB with accuracies of 16% and 21% across five different study 
areas in the tropics. The extensive empirical analysis confirms the generality of a linear 
relationship between X-band volume coherence and canopy height as well as AGB. The 
results suggest a relationship between LiDAR and X-band coherence, which could help to 
bridge the gap from sampled ALS or spaceborne LiDAR acquisitions to consistent wall-to- 
wall coverage with the globally available TanDEM-X data. The volume coherence of 
TanDEM-X could at least provide the spatial distribution of canopy height and AGB 
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indicating the status of the forest in general, despite potential errors in the absolute 
canopy height and AGB derivatives. Such a stratification would be useful as a prerequisite 
for efficient forest inventories, which are of relevance in national carbon accounting and 
REDD+ projects (GOFC-GOLD 2012; Schlund et al. 2015).
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