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Abstract
1. Vegetation canopy height is a relevant proxy for aboveground biomass, carbon 

stock, and biodiversity. Wall- to- wall information of canopy height with high spa-
tial resolution and accuracy is not yet available on large scales. For the globally 
consistent TanDEM- X data, simplifications are necessary to estimate canopy 
height with semi- empirical models based on polarimetric synthetic aperture 
radar interferometry (PolInSAR).

2. We trained the semi- empirical models with sampled GEDI data, because the 
assumptions behind the application of such simplifications are not always valid 
for TanDEM- X. General linear as well as sinc models and empirical parameteri-
zations of these models were applied to estimate the canopy height in tropical 
landscapes of Sumatra, Indonesia. Airborne laser scanning (ALS) data were con-
sistently used as an independent reference. The general simplified models were 
compared with the trained empirical versions to assess the potential improve-
ment of the empirical parameterization of the models. The residuals of the dif-
ferent canopy height models were further evaluated in relation to land use and 
structural information of the vegetation.

3. Our results indicated that the empirical parameters substantially improved the 
estimation from a root- mean- square- error (RMSE) of 10.3 m (55.8%) to 8.8 m 
(47.7%), when using the linear model. In contrast, the improvement of the sinc 
model with empirical parameters was not substantial compared to the general 
sinc model (7.4 m [40.4%] vs. 6.9 m [37.5%]). A consistent improvement was ob-
served in the linear model, whereas the improvement of the sinc model was de-
pendent on the land- use type. Structural attributes like the canopy height itself 
and vegetation cover had a significant effect on the accuracies, with higher and 
denser vegetation generally resulting in higher residuals.

4. We demonstrate the potential of the combined exploitation of the TanDEM- X 
and GEDI missions for a wall- to- wall canopy height estimation in a tropical re-
gion. This study provides relevant findings for a consistent mapping of vegetation 
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1  |  INTRODUC TION

1.1  |  Relevance of vegetation canopy height for 
ecology

Forests are of great importance to the global carbon cycle, where 
they can be a potential source when disturbed and sink when 
growing or undisturbed (GCOS, 2015). The quantification of forest 
biomass as a proxy for carbon and the estimation of its spatial distri-
bution supports our understanding of the role of forests in climate 
change and its mitigation. The vegetation canopy height is a relevant 
proxy for aboveground biomass and other structural attributes of 
vegetation (Asner & Mascaro, 2014; Dubayah et al., 2020; Réjou- 
Méchain et al., 2015). Furthermore, canopy height and its hetero-
geneity are considered as indicators for ecosystem structure and its 
complexity as an essential biodiversity variable (Atkins et al., 2021; 
Fahey et al., 2019; Lang et al., 2022). For instance, it was found that 
information about the spatial distribution of canopy height sup-
ports the prediction of biodiversity variables on global scale (Feng 
et al., 2020; Gatti et al., 2017).

Mapping canopy height as an essential biodiversity variable 
(EBV) over large areas requires the use of remote sensing (Skidmore 
et al., 2021). This is particularly true in vast areas with limited access, 
such as tropical forests. In general, active remote sensing (i.e. light 
detection and ranging [LiDAR] and synthetic aperture radar [SAR]) 
is considered to have high potential for the estimation of canopy 
height and aboveground biomass (Asner & Mascaro, 2014; Dubayah 
et al., 2020; Quegan et al., 2019; Réjou- Méchain et al., 2015). 
Airborne laser scanning (ALS) data have normally only limited spatial 
coverage and are expensive compared to spaceborne data. In order 
to provide consistent information about canopy height beyond the 
local scale, spaceborne LiDAR and SAR data are necessary. The exist-
ing wall- to- wall estimations of vegetation canopy height on regional 
to global scale were generally associated with high uncertainties and 
coarse spatial resolution (Dubayah et al., 2020; Lang et al., 2022; 
Quegan et al., 2019). The potential of spaceborne LiDAR and SAR 
sensors resulted in the development and launch of different space-
borne missions dedicated to estimate ecosystem structure (Dubayah 
et al., 2020; Fatoyinbo et al., 2021; Quegan et al., 2019). The Global 
Ecosystem Dynamics Investigation (GEDI) mission is a spaceborne 
LiDAR, which was launched in late 2018 and is specifically designed 
to estimate vegetation structure with a sampling grid resulting in a 
total coverage of the global land surface of 4% (Dubayah et al., 2020; 
Lang et al., 2022). The exploitation and fusion of GEDI with current 

and future missions can result in an accurate wall- to- wall estimation 
of canopy height and aboveground biomass on potentially global 
scale (Dubayah et al., 2020; Fatoyinbo et al., 2021; Qi et al., 2019; 
Quegan et al., 2019; Silva et al., 2021).

1.2  |  Estimation of canopy height with SAR data

Empirical or semi- empirical models using interferometric SAR 
(InSAR) or polarimetric InSAR (PolInSAR) techniques have been 
frequently exploited to estimate canopy height (Karila et al., 2015; 
Khati et al., 2018; Kugler et al., 2014; Lindgren et al., 2017). Two- 
layer models like the Random Volume over Ground (RVoG) model 
are typically used to estimate canopy height and consist of a volume 
and an impenetrable ground layer. This model is considered to have a 
high potential in the estimation of canopy height from SAR data, be-
cause it links the SAR measurements with the canopy height (Cloude 
& Papathanassiou, 2003; Kugler et al., 2014; Quegan et al., 2019). 
Short wavelengths, like the C-  and X- band, are successfully exploited 
for the canopy height estimation. The InSAR heights were frequently 
combined with data of the ground elevation to estimate the height of 
the canopy assuming that the penetration into the volume layer (i.e. 
vegetation) is negligible (Schlund et al., 2020; Solberg et al., 2013). 
The assumption of negligible penetration in X- band is generally not 
valid and thus different modelling approaches are needed to esti-
mate vegetation canopy height (Kugler et al., 2014; Qi et al., 2019; 
Qi & Dubayah, 2016; Schlund et al., 2020).

The TanDEM- X mission provides data with minimal tempo-
ral decorrelation, which makes this mission particularly useful 
for global InSAR applications (Krieger et al., 2007). Empirical and 
semi- empirical models, like the RVoG model, were exploited in 
the canopy height estimation using TanDEM- X (Karila et al., 2015; 
Khati et al., 2017; Kugler et al., 2014; Lindgren et al., 2017; Olesk 
et al., 2016). Most TanDEM- X data are acquired in single- polarization 
and thus the RVoG model requires simplifications to estimate can-
opy height (Chen et al., 2016; Chen et al., 2021; Olesk et al., 2016; 
Schlund et al., 2019). The necessity to simplify this model is based 
on the fact that it requires a sufficient number of observations from 
the ground layer scattering and from the vertical structure of the 
volume layer, which are normally provided by the different polar-
izations (Cloude & Papathanassiou, 2003; Quegan et al., 2019). 
The simplification results in a sinc model and the canopy height 
estimation with simplified RVoG models (i.e., linear and sinc model) 
resulted in accuracies of 5– 14 m in boreal and temperate forests 

canopy height in tropical landscapes and on large scales with spaceborne laser 
and SAR data.

K E Y W O R D S
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(Schlund et al., 2019). It can be assumed that the simplifications are 
not always valid and empirical adjustments were proposed (Gómez 
et al., 2021; Olesk et al., 2016). It was suggested that ALS data have 
the potential to train the empirical parameters (Gómez et al., 2021). 
To date, most studies have used either the general simplified mod-
els with or without parametrization, but the two appraoches were 
not compared to assess the relevance of the empirical adjustments 
(Gómez et al., 2021; Olesk et al., 2016; Schlund et al., 2019). Based 
on the limited coverage and availability of ALS data, particularly 
in the tropics, their application for training the TanDEM- X canopy 
height estimation models is limited. In addition, ALS data acquisi-
tions have to be temporally consistent with the TanDEM- X acqui-
sition to train the empirical parameters. Spaceborne LiDAR data, 
like the Global Ecosystem Dynamics Investigation (GEDI) mission, 
provide canopy height information on a global scale with high tem-
poral resolution (Dubayah et al., 2020). The potential of combining 
GEDI and TanDEM- X data has been shown (Qi et al., 2019; Qi & 
Dubayah, 2016), where the GEDI data was simulated from ALS data. 
GEDI is a sampling mission with point- wise measurements and thus 
does not provide wall- to- wall ground elevation and canopy height 
with high resolution (Dubayah et al., 2020). Nevertheless, sampled 
GEDI data can be used to train the empirical parameters of the sim-
plified canopy height estimation models of TanDEM- X at the GEDI 
footprints for a wall- to- wall coverage on regional scales. Potapov 
et al. (2021) trained bagged regression trees with GEDI and Landsat 
data to estimate canopy height on large scale. However, it can be 
assumed that InSAR data is more sensitive to the vertical structure 
of vegetation than optical data (Karila et al., 2015; Khati et al., 2018; 
Kugler et al., 2014; Olesk et al., 2016). The simplified semi- empirical 
models based on InSAR data were considered to have high potential 
to estimate canopy height, although their potential improvement by 
using them with GEDI data was to date not assessed, in particular in 
tropical forests.

The objective of this study was to assess the potential of the 
simplified canopy height estimation models based on TanDEM- X 
and to evaluate the performance difference between the simple 
general models and their empirical parameterizations. The linear 
and sinc model were assessed as simplifications of the RVoG model. 
The models were compared to canopy height retrievals of a model 
with additional ground elevation information from GEDI. A simi-
lar approach achieved highest accuracies in Qi et al. (2019), which 
used simulated GEDI data. Existing studies have only applied the 
simple models in higher latitude forests (Chen et al., 2016, 2021; 
Gómez et al., 2021; Olesk et al., 2016), whereas we study the mod-
els in a dynamic tropical landscape with different types of land use 
such as forest, mono- cultural rubber and oil palm plantations. In 
contrast to other studies, in which ALS data were used for train-
ing and reference (Chen et al., 2021; Gómez et al., 2021; Guliaev 
et al., 2021; Qi et al., 2019), the training of the empirical parameters 
in our study is conducted with GEDI data. GEDI data are substan-
tially different compared to ALS data in terms of acquisition con-
cept, spatial coverage, accuracy and spatial detail (Adam et al., 2020; 
Dubayah et al., 2020). The potential of actual GEDI data to support 

TanDEM- X- based canopy height estimations has not been assessed 
yet. The simplified models used in this study are independent of 
the ground elevation, which is contrary to other studies (Guliaev 
et al., 2021; Lei et al., 2021; Qi et al., 2019). This independence 
from ground elevation and training with spaceborne GEDI data 
overcomes the current limits of TanDEM- X based canopy height 
estimations and facilitates the application of the canopy height es-
timation on regional to even global scales. The results of our study 
provide information about the performance difference and potential 
improvement of different simplification levels of the canopy height 
estimation models. Consequently, this study contributes relevant 
findings in the combined exploitation of the TanDEM- X and GEDI 
mission for vegetation canopy height assessment on a regional scale 
with wall- to- wall coverage.

2  |  MATERIAL S AND METHODS

2.1  |  Study area

The study area covers a tropical lowland area in the Jambi province, 
Sumatra, Indonesia (Figure 1). It has a tropical humid climate, with 
relatively constant temperatures and a drier period during July and 
August. The study area was part of a long- term interdisciplinary re-
search project that investigates the ecological and socioeconomic 
effects of land- use transformation in a tropical lowland area. It cov-
ered a mosaic of land- use systems such as forests, shrubland as well 
as plantations of oil palm Elaeis guineensis and rubber Hevea brasilien-
sis (Clough et al., 2016), which are assumed to be relatively equally 
distributed in the area. These land- use systems are representative 
for the complex tropical landscapes of Indonesia and are signifi-
cantly different in their ecological functions (Drescher et al., 2016).

2.2  |  TanDEM- X data

The TanDEM- X mission consists of two X- band SAR sensors, with a 
wavelength of 3.1 cm. The main objective of this mission is to cre-
ate multiple global digital elevation models (DEM) with single- pass 
InSAR data (Krieger et al., 2007; Lachaise et al., 2019).

The data used in this study were acquired in horizontal polariza-
tion (transmit and receive; HH) and StripMap mode. This mode re-
sulted in a spatial resolution of about 3 m. The heights of ambiguity 
were between 46.6 and 76.3 m (Table 1). The co- registered single- 
look slant range complex (CoSSC) data products were used for this 
study, in which the data were spectrally filtered in azimuth and range 
as well as co- registered and resampled (Fritz, 2012).

2.3  |  LiDAR data

A full- waveform and a multi- discrete return LiDAR were utilized in 
this study. First, the full- waveform GEDI data were used to train the 
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models to estimate vegetation canopy height based on TanDEM- X. 
This LiDAR sampling mission was installed on the International 
Space Station (ISS) in 2018 to provide information of the vertical 
structure of vegetation on a global scale (Dubayah et al., 2020). 
Level 2A Elevation and Height Metrics (v002) data were exploited, 
in which the ground elevation and relative height (RH) metrics were 
derived from the LiDAR waveform on a footprint resolution of 
25 m (Dubayah et al., 2020, 2021). GEDI data acquired between 15 
May 2019 and 6 June 2020 were used, since these GEDI acquisi-
tions were in general temporally and spatially consistent with the 
TanDEM- X and ALS acquisitions of this study (Figure 1).

Second, ALS data were available for four different areas in the 
Jambi province (Figure 1). The ALS data covered representative land- 
use systems of the province, with oil palm and rubber plantations of 
small- holders and large estates, shrublands and fragmented forests 
as well as protected areas of forests. A Riegl Q780 full waveform 
scanner was used to acquire the data in January and February 2020. 
The scanning resulted in a nominal pulse density of 15 points/m2  

with a vertical accuracy of ≤10 cm according to the data provider. The 
ALS data covered approximately 6% (i.e. 420 km2) of the TanDEM- X 
acquisitions (7,430 km2; Figure 1) and were used as reference data 
for model validation in this study.

2.4  |  Auxiliary data

Accurate information about the land use was available for 99 circular 
plots with a size of 1,000 m2. Four land- use types with an almost 
equal distribution were covered in these plots: forest (n = 27), rubber 
(n = 25), oil palm (n = 25), and shrubland (n = 22). These four land- 
use systems were the most dominant land uses in central Sumatra 
(Grass et al., 2020). These land- use types were found to be highly 
significant in the variation of ecological functions (e.g. carbon stock 
and flux) and biodiversity (Clough et al., 2016; Grass et al., 2020; 
Guillaume et al., 2018). Surveying these four systems provides an ex-
haustive sample of the major ecological and socioeconomic impacts 

F I G U R E  1  Overview of the study 
area with the extent of the TanDEM- X 
acquisitions and the ALS data, GEDI shots 
and location of land use plots with the 
global TanDEM- X digital elevation model 
in the background (a) on the island of 
Sumatra, Indonesia (b).

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

Precipitation 
(mm)

27 February 2018 33.8 3.3 × 3.2 76.3 37.7

9 May 2018 46.2 3.3 × 2.4 73.9 0.9

25 February 2019 32.4 3.3 × 3.3 46.6 5.3

26 April 2019 34.9 3.3 × 2.4 46.8 72.8

TA B L E  1  Overview of TanDEM- X 
datasets and sum of precipitation 
3 days before and at the acquisition 
date retrieved from stations within the 
respective coverage (incidence angle θ 
and height of ambiguity (HoA) stand for 
the parameter at scene centre)
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of rainforest transformation in central Sumatra, and by extension in 
many similar regions in South- East Asia (Drescher et al., 2016; Grass 
et al., 2020).

Forests were dominated by trees with a canopy cover at mini-
mum of 50%, whereas shrublands were fallow lands with a canopy 
cover up to 50%. Shrublands constitute lands after deforestation 
that lay fallow for a few years before being developed to a plan-
tation (Grass et al., 2020). Despite their transitional character, 
they are an important landscape component that have value for 
biodiversity or ecosystem functioning. Oil palm and rubber were 
plantations of the respective tree or crop. For further details on 
the individual land- use systems and their ecological and socio-
economic significance in the study area, for example Drescher 
et al. (2016); Guillaume et al. (2018); Clough et al. (2016); Grass 
et al. (2020).

Meteorological data were acquired from different stations in the 
study area (Figure 1). It can be assumed that dry conditions are fa-
vourable for the canopy height estimation with TanDEM- X (Schlund 
et al., 2019). Therefore, the sum of the precipitation 3 days prior to 
and on the day of acquisition was retrieved from the stations, which 
were located within the respective TanDEM- X acquisition. At each 
station, precipitation was measured with two precipitation transmit-
ters (Thies Clima) at 1.5 m height and horizontal separation of about 
6 m. Measurements were acquired every 15 s as well as averaged 
and stored on a DL16 Pro data logger (Thies Clima) every 10 min 
(Meijide et al., 2018).

The acquisition of the data was funded by the Deutsche 
Forschungsgemeinschaft (DFG, German Research Foundation)— 
project number 192626868— SFB 990 and the Ministry of Research, 
Technology and Higher Education (Ristekdikti) in the framework of 
the collaborative German– Indonesian research project CRC990, 
subprojects A03, B09 and Z02. Additional licences and permits were 
not required.

2.5  |  Methods

2.5.1  |  Canopy height estimation with 
ALS and GEDI

The GEDI Level 2A data were extracted for the Jambi province. Only 
data that fulfilled the quality criteria of the GEDI mission (i.e. qual-
ity flag of 1) and had a sensitivity of 0.9 or higher were used (Adam 
et al., 2020; Dubayah et al., 2021). In total, about 90,000 subset-
ted GEDI shots were located in the TanDEM- X coverages and about 
6,000 shots were located over the scanned area with ALS flights. 
The lowest elevation, as well as the relative height (RH) values were 
extracted from the subsetted GEDI data.

Canopy heights were calculated from ALS point cloud data, 
where the point clouds were first classified into ground and non- 
ground points. Outliers within the point clouds were removed and a 
ground layer was retrieved by triangulating the ground points. The 
canopy height was calculated by sampling the highest z- value of the 

point cloud within a 25 m cell above the ground layer. This informa-
tion was further triangulated from the point cloud to result in a ras-
ter product with 25 m pixel spacing. The 25 m pixel size was used for 
consistency with the footprint and spatial resolution of GEDI. The 
highest point of ALS point clouds was frequently used as a reference 
in other studies in which canopy heights were analysed from InSAR 
data (Caicoya et al., 2016; Kugler et al., 2014; Schlund et al., 2019). It 
was assumed that the highest z- value above the ground corresponds 
best with the RH100 height from GEDI representing vegetation can-
opy heights (Adam et al., 2020). Different relative height (RH) met-
rics were compared against the ALS based canopy height to confirm 
this assumption. Moreover, the ground elevation as the elevation of 
the lowest mode from the GEDI waveform was compared to the ALS 
ground elevation.

Various ALS metrics were also extracted from the point cloud for 
the plots and for the whole landscape. The metrics were the stan-
dard deviation of the heights of points, the effective number of lay-
ers (Ehbrecht et al., 2016), the canopy surface roughness expressed 
by the rumple index (Parker et al., 2004) and vegetation cover, calcu-
lated as the ratio of points above 2.5 m compared to all points within 
a 1,000 m2 plot. These metrics were used because they were consid-
ered important for characterizing the vertical and horizontal vegeta-
tion structure and the heterogeneity of these land uses (Camarretta, 
Ehbrecht, et al., 2021).

2.5.2  |  Canopy height estimation with TanDEM- X

The interferometric coherence was retrieved with a multi- looking 
to obtain a 25 m spatial resolution in each TanDEM- X acquisition, 
corresponding to the footprint and spatial resolution of the GEDI 
heights. The volume coherence γVol was extracted by taking into ac-
count the signal- to- noise ratio γSNR in the total coherence γ (Kugler 
et al., 2014; Schlund et al., 2019). It can be assumed that there is a 
relationship between the volume coherence γVol and the vegetation 
canopy height, which can be exploited with the RVoG model (Cloude 
& Papathanassiou, 1998, 2003; Papathanassiou & Cloude, 2001; 
Quegan et al., 2019). Consequently, this model is also utilized in our 
study.

Based on the number of parameters in this model, full- 
polarimetric data are required to invert it. The global TanDEM- X 
data are generally acquired in HH polarization and thus simplifica-
tions are necessary to estimate canopy height (Kugler et al., 2014; 
Olesk et al., 2016; Schlund et al., 2019). The simplifications were 
frequently based on the assumption that the ground contribution 
in the TanDEM- X data is negligible. Furthermore, the extinction 
of the signal was assumed to be zero in previous studies that used 
TanDEM- X data to estimate canopy height (Kugler et al., 2014; Olesk 
et al., 2016). This results in a sinc model for the |γVol|,
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where the vegetation height hV is related to the InSAR height sensi-
tivity expressed by the height of ambiguity (HoA = 2π/kz). It can be 
assumed that no canopy height results in a volume coherence |γVol| of 
1. A canopy height that is equal to the height of ambiguity results in a 
volume coherence |γVol| of 0. Consequently, a linear relationship be-
tween canopy height and TanDEM- X coherence can be utilized (Olesk 
et al., 2016; Schlund & Boehm, 2021; Treuhaft et al., 2015),

As mentioned above, it was found that these assumptions of the sim-
plifications are often not valid and thus empirical parameters in the 
simplified models are suggested to accurately estimate canopy height 
(Gómez et al., 2021; Olesk et al., 2016; Schlund & Boehm, 2021),

and

where a and b are the empirical parameters for the sinc and linear mod-
els, respectively.

The sinc and linear models without empirical parameters suggest 
that no canopy height results in a |γVol| of 1. Any non- volume decor-
relation decreases the estimated |γVol| and the empirical parameter a 
takes into account that the retrieved |γVol| was potentially not purely 
related to the volume. The cumulative density of |γVol| values at valid 
GEDI shots was calculated. The parameter a was retrieved where 
the cumulative density function saturated (Chen et al., 2016). Note 
that a was independent from the model, resulting in a similar value 
for linear and sinc models.

A potential ground contribution and a non- zero extinction of 
the signal result in different vertical profiles (Gómez et al., 2021). 
It is not possible to determine the ground- to- volume ratio and ex-
tinction as parameters of the RVoG model with the single- polarized 
TanDEM- X data. The GEDI RH100 heights were used to fit the linear 
and sinc models with the estimated |γVol| to retrieve the parameter b. 
The parameterization of a and b was conducted for each individual 
TanDEM- X acquisition. Finally, the linear and sinc models with and 
without empirical parameterization were inverted to estimate the 
vegetation canopy height.

Numerous studies have suggested that information about the 
ground height requires fewer simplifications in the models for can-
opy height estimation (Chen et al., 2016; Khati et al., 2018; Kugler 
et al., 2014; Qi et al., 2019; Qi & Dubayah, 2016). It is not possible 
to estimate the ground elevation with TanDEM- X and thus external 
information (e.g. ALS data) must be used to estimate the phase of 
the ground elevation ϕ0 (Chen et al., 2016; Khati et al., 2018; Kugler 
et al., 2014). The phase of the ground elevation ϕ0 was extracted 
from GEDI as lowest elevation in our study. This was combined 
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with the volume coherence γVol of TanDEM- X to estimate can-
opy height (Chen et al., 2016; Khati et al., 2018; Qi et al., 2019; 
Schlund et al., 2019). This means that the best case scenario from Qi 
et al. (2019) using the canopy height and ground elevation as input 
was adapted to the GEDI footprints in our study. This was compared 
with the simple models to indicate the performance differences of 
the various levels of simplification. The different models are summa-
rized in Table 2.

2.5.3  |  Validation of the canopy height estimations

The ALS canopy height was used as an independent validation data-
set. This was based on the assumption that the vertical accuracy of 
ALS was very high compared to the accuracy of TanDEM- X. In order 
to assess the accuracy, the coefficient of determination R2, root- mean- 
squared error (RMSE) and bias were calculated for the individual 
TanDEM- X scenes and for all scenes combined. The relative RMSE and 
bias were further calculated with the average of the canopy height 
from ALS. In addition, the residuals of the different canopy height 
estimations were calculated as the difference between TanDEM- X 
and ALS- based canopy height (considered as reference) for all avail-
able pixels as well as in the land- use plots. The residuals were further 
normalized with respect to the ALS canopy height. The significance of 
differences between the residuals of the used models was assessed 
using Tukey's honest significance test (Miller, 1981). In addition to the 
land- use types, the residuals were stratified for the whole landscape 
by canopy height in a 5 m interval and canopy cover in a 10% interval.

The assumptions of no ground contribution and zero extinc-
tion were further analysed in the land- use plots. The proportion 
of land- use plots where the estimated volume coherence |γVol| was 
lower than the modelled volume coherence ∣ �Volsinc ∣ was extracted 
(P[|γVol| < ∣ �Volsinc ∣]). It can be assumed that significant extinction was 
present if the estimated volume coherence |γVol| was higher than the 
modelled coherence ∣ �Volsinc ∣ from Equation (1) (Chen et al., 2021; 
Praks et al., 2012; Schlund et al., 2019).

The volume is normally assumed as infinitely deep without ground 
contribution of the SAR signal if the height of the scattering phase 
centre is above half of the actual canopy height (Dall, 2007; Praks 

et al., 2012). The scattering phase centre height was extracted as 
the difference between the interferometric SAR height hInSAR above 
the ground phase. The ALS ground height was used to extract the 
ground phase for this purpose. Again, the proportion of land use plots 
in which the InSAR height was higher than half of the ALS canopy 
height model was calculated (P[hInSAR > CHM/2]), where the ALS can-
opy height was considered as the actual canopy height. This indicated 
the proportion of land- use plots with negligible ground contribution.

The ALS metrics— namely canopy height, vegetation cover, ENL, 
rumple and standard deviation of heights— were used in a multiple- 
linear regression in order to assess the impact of different structural 
parameters on the residuals. The ALS metrics used in this regression 
were scaled prior to the fit of the model to a mean of 0 and a stan-
dard deviation of 1. Consequently, the coefficients provided infor-
mation about the relative strength of the variables in this model.

3  |  RESULTS

3.1  |  Comparison of GEDI and ALS canopy heights

The ground elevation was estimated from GEDI with an RMSE of 
4.9 m, where a subtle positive bias of 0.7 m was observed compared 
to the ALS ground elevation (Figure 2a). Both LiDAR- based canopy 
heights revealed overall an average vegetation canopy height of about 
19 m. The average canopy height based on GEDI data was 18.9 m with 
a standard deviation of 10.6 m. The average ALS- based canopy height 
was 19.5 m with a standard deviation of 9.7 m. The comparison of the 
GEDI RH100 and ALS canopy height revealed a relationship with an 
R2 of 0.4. The RMSE was 8.8 m, which equaled 44.9% with respect to 
the mean ALS canopy height (Figure 2b). The bias of the RH100 was 
minimal with −0.8 m (−4%) compared to other relative heights.

3.2  |  Coherence modelling & canopy 
height estimation

The comparison of estimated volume coherence |γVol| and GEDI 
RH100 height, normalized with the respective height of ambiguity 

F I G U R E  2  Scatterplot with coloured 
density of GEDI and ALS ground elevation 
(a) and GEDI RH100 and ALS canopy 
height (b; with 1:1 [dashed] and regression 
line [solid]).
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(HoA), revealed that zero canopy heights generally resulted in a co-
herence lower than 1. This was confirmed by the a values for the 
different acquisitions. In general, the estimated coherence de-
creased with increasing canopy height. This is also indicated in the 
models, where largest discrepancies between the model and the 
observations were observed for the linear model without empiri-
cal parameterization. The discrepancies were substantially reduced 
with the empirical parameterization, in particular for the linear 
model (Figure 3). The effect of the height of ambiguity was visible in 
Figure 3, in which the acquisitions with larger heights of ambiguity 
generally resulted in lower normalized canopy heights (Figure 3a,b).

When the TanDEM- X- based canopy heights of the individual ac-
quisitions were pooled together, the empirical sinc model achieved 
the best results compared to the other models. The R2 in the com-
parison of estimated heights from TanDEM- X and ALS was 0.5 and 
the RMSE was 6.9 m (37.5%) with a bias of −1.2 m (−6.3%) (Table 2). 
Compared to the general sinc model, the model with empirical pa-
rameterization resulted in an improvement of 0.03 and 0.5 m (2.9%) 
for the R2 and RMSE, respectively. The absolute bias decreased from 
11.5% to 6.3%. For the linear model, the empirical parameterization 
improved the RMSE by 1.5 m (i.e. 8.1%) in the linear model and the 
absolute bias decreased from 39.7% to 1.5% (Table 2). In general, the 
sinc models resulted in higher accuracies in terms of R2 as well as 
RMSE and the regression line followed the 1:1 line closer compared 
to the linear models (Figure 4).

The estimation of canopy height with the simple models achieved 
lower accuracies compared to the model with additional ground 
phase information, which was retrieved from the GEDI ground 

elevation (Table 2). The R2 of the model with ground elevation in-
formation was 0.53. The RMSE of the model with ground elevation 
information was 6.1 m (35.8%) and thus lower as compared to the 
best simple model. The bias was 0.3 m (2.0%) for the model with 
ground elevation information (Table 2).

Similar results compared to the pooled data were observed for 
the individual acquisitions (Table 3). The sinc model with empirical 
parameterization achieved the highest accuracies in terms of RMSE, 
bias and R2. However, the smallest improvement of RMSE and R2 
was observed for the acquisition from 25 February 2019, while the 
bias improved substantially. The biggest improvement of RMSE, bias 
and R2 was observed for the acquisition from 9 May 2018. In gen-
eral, the empirical parameterization improved the results substan-
tially in the linear model (Table 3).

The spatial distribution of the estimated canopy height revealed 
large canopy heights up to 40 m and more, particularly in the north- 
west but also in the south- east of the study area (Figure 5). Most of 
the other areas had a canopy height between 10 and 30 m. Some reg-
ular patterns of low canopy heights were observed in the centre of 
the eastern TanDEM- X acquisitions with canopy heights below 10 m, 
which represented large oil palm plantations (Figure 5). The areas in 
Figure 5a and c were mainly covered by smallholder plantations of rub-
ber and oil palm. Only some fragments of forest and shrubland were 
located in these areas. In contrast, forests were located in the north of 
Figure 5a and in particular in Figure 5b. A moderate underestimation of 
the canopy heights was indicated in these forested areas by the differ-
ence of the TanDEM- X and the ALS- based canopy heights. The other 
areas of small- holder plantations and fragmented forests indicated no 

F I G U R E  3  Scatterplots with coloured 
density of TanDEM- X coherence from 
27 February 2018 (a), 9 May 2018 (b), 
25 February 2019 (c) and 26 April 2019 
(d) and GEDI RH100 canopy height 
(normalized with the height of ambiguity) 
with lines of different coherence models 
(black solid line = linear model without 
empirical parameterization; grey solid 
line = linear model with empirical 
parameterization; black dashed line = sinc 
model without empirical parameterization; 
grey dashed line = sinc model with 
empirical parameterization).
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particular under-  or overestimation (Figure 5). The only exception was 
a substantial overestimation in the east of Figure 5a. This was due to 
the temporal difference between TanDEM- X and ALS acquisitions, in 
which an oil palm plantation was harvested between the acquisitions.

3.3  |  Accuracy of canopy height estimation with 
respect to vegetation structure

The linear regression of the canopy height estimation residuals and 
different ALS metrics revealed that the canopy height as well as veg-
etation cover had a significant impact on the residuals. The canopy 
height was not significant for residuals of the sinc model without 
empirical parameters, whereas the vegetation cover was not signifi-
cant for either of the linear models. The coefficient of the canopy 

height was substantially higher than the other coefficients, except 
for the sinc model (Table 4). This confirmed the overall dependency 
of the residuals on the canopy height.

The coefficients for the vegetation cover tended to be nega-
tive, which indicated that lower vegetation cover in combination 
with canopy height resulted in higher residuals (Table 4). This was 
confirmed visually when the mean of the four land use types was 
considered in the visual representation of these relationships 
(Figure 6). The R2 of the relationship between the residuals and 
forest structure parameters from ALS was the highest for the sinc 
model with empirical parameters (R2 = 0.38) and the linear model 
without empirical parameters (R2 = 0.40). This suggested that about 
40% of the variation of the residuals could be explained with these 
ALS metrics (Table 4). All available plots were considered for these 
relationships (Table 4), whereas in the scatterplots the mean and 

F I G U R E  4  Comparison of ALS canopy 
height and estimated canopy height 
with linear model without empirical 
parameterization (a) and with empirical 
parameterization (b) as well as with sinc 
model without empirical parameterization 
(c) and with empirical parameterization 
(d) for all acquisitions combined (with 1:1 
[dashed] and regression line [solid]) (All 
were significantly different).

TA B L E  3  Accuracy of canopy height estimation for the individual acquisitions with R2, relative RMSE and bias in % (emp. Stands for 
empirical parameterization, Acqu. for acquisition and Feb. for February)

Acqu. date

Linear Linear emp. Sinc Sinc emp.

R2 RMSE Bias R2 RMSE Bias R2 RMSE Bias R2 RMSE Bias

27 Feb. 2018 0.49 58.6 −49.5 0.49 44.1 −6.1 0.51 36.1 8.2 0.52 34.3 −0.8

9 May 2018 0.42 54.8 −37.5 0.46 45.3 0.7 0.45 50.1 27.6 0.50 39.9 5.6

25 Feb. 2019 0.44 55.3 −44.1 0.49 47.8 −4.3 0.59 33.8 −17.4 0.62 32.2 −4.2

26 April 2019 0.45 57.6 25.4 0.45 50.1 −19.2 0.46 49.9 20.7 0.50 47.7 −13.0
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standard deviations of land- use types were represented for the 
sake of clarity (Figure 6).

The models as well as the residuals per actual canopy height class 
suggested that higher canopy heights resulted in higher residuals 
(Figure 7). The linear model generally underestimated the canopy 
height irrespective of canopy height and vegetation cover class, in 
which the smallest canopy heights and vegetation cover were the 
exception. The sinc model overestimated the canopy height in small 
canopy height classes up to 20 m, whereas the canopy height was 
underestimated in actual canopy heights above 20 m. In general, 
the empirical parametrization improved the estimation for both 
model variants across all canopy height and vegetation cover classes 
(Figure 7).

3.4  |  Accuracy of canopy height estimation with 
respect to land- use types

The spatial representation of the residuals between estimated and 
ALS canopy height indicated that differences were also related to 
their land use. This was confirmed when the residuals were ex-
tracted in the different land- use plots. The canopy height was gen-
erally underestimated in the forest plots (Figure 8d), whereas no 
particular under-  or overestimation was observed in the other land 
uses. The exception was the linear model, which resulted in an un-
derestimation in all land- use types. In general, the highest accuracies 
were achieved in oil palm plantations followed by rubber, shrubland 
and forests (Figure 8).

F I G U R E  5  Spatial representation of 
estimated canopy height with the sinc 
model with empirical parametrization 
mosaicked for the four TanDEM- X 
acquisitions (top) and zoom- ins (bottom; 
a– c) into the extent of the ALS data used 
as a reference to calculate the difference 
with the estimated canopy height 
based on the sinc model with empirical 
parametrization.

TA B L E  4  R2 and coefficients in multiple- linear regression- models of residuals in the canopy height estimation ΔCHM in relation to ALS 
canopy height CHMALS, vegetation cover, effective number of layers (ENL), rumple and standard deviation of heights SDCHMALS

 within plots 
(bold terms were significant with p < 0.001, Int. stands for intercept)

R2 Int. CHMALS Cover ENL Rumple SDCHMALS

ΔCHMSincEmpScale
0.38 4.63 3.28 −0.97 0.24 −0.18 −0.82

ΔCHMSincScale
0.18 4.15 0.31 −1.47 0.01 −0.43 1.37

ΔCHMLinearEmpScale
0.14 5.59 2.86 0.15 −0.83 −0.23 −0.44

ΔCHMLinearScale
0.40 8.92 5.87 0.62 −0.74 0.30 −2.90
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The empirical parameterization of the linear model resulted in a 
substantial improvement, as the differences between the simple lin-
ear model and all other models were significant in all land- use types 
(Figure 8). The linear model had a substantial negative bias in all land 
uses between −41.1% and −56.6%. The linear parametrization im-
proved the estimations substantially in all land- use types in terms of 
RMSE and bias (Figure 8). The empirical parameterization of the sinc 
model improved the accuracy in terms of RMSE and bias in oil palm 
(33.1% and 16.5% vs. 27.9% and 4.2%) and rubber plantations (26.1% 
and 15.7% vs. 23.9% and 8%). This resulted in a significant difference 
of the residuals in these classes. The sinc model without empirical 
parameterization achieved the highest accuracies in the shrubland 
plots with an RMSE of 27.8% and a bias of 5.1% and in forest plots 
with an RMSE of 21.4% and a bias of −9.0% (Figure 8).

One of the assumptions for the simplification of the canopy 
height estimation model is that the signal has a non- significant ex-
tinction. A non- significant extinction was observed in more than 
50% of the land- use plots. The highest probability that the extinc-
tion was not significant was in oil palm (76%) followed by shrubland 
(70%) and rubber (67%). These classes had a lower canopy height 
and lower vegetation cover compared to forests. The majority of the 
forest plots had a significant extinction, which was indicated by a 
higher estimated volume coherence |γVol| than modelled coherence 
∣ �Volsinc

∣ (Table 5).
The forest plots had not just the highest canopy height values 

but also the highest proportion of land- use plots with a negligible 
ground contribution from the radar signal (i.e. 23%). A negligible 

ground contribution is another assumption for the model simplifi-
cations. In general, the proportion of land- use plots with negligible 
ground contribution was low for all land- use types (17%) (Table 5).

4  |  DISCUSSION

4.1  |  Properties affecting the canopy height 
estimation with TanDEM- X

Our results confirmed that the conditions on the ground can have 
a substantial impact on the accuracy of the canopy height estima-
tion with TanDEM- X. The canopy height itself and other struc-
tural parameters (mainly vegetation cover) had a significant effect 
on the accuracies of the canopy height estimation. The effect of 
vegetation structure is based on the fact that the assumptions for 
the simplifications of the canopy height estimation models were 
not valid. This potentially propagated to biased canopy height 
estimations.

It is assumed in the original models that the coherence is 
purely based on volume contribution. This means that any resid-
ual non- volumetric contribution results in an overestimation (Chen 
et al., 2016; Guliaev et al., 2021). The non- volumetric compared to 
the volume contribution is potentially higher in lower than in taller 
canopy heights. Therefore, a general overestimation of the canopy 
height was observed until 15– 20 m (Figure 7). The parameter a in the 
empirical parametrizations of the canopy height estimation models 

F I G U R E  6  Absolute residuals in m 
[(a) and (b)] and in % [(c) and (d)] of the 
canopy height estimations in the different 
land use type plots in relation to the ALS 
canopy height [(a) and (c)] and vegetation 
cover [(b) and (d)] (symbols are for the 
mean and lines for the standard deviation).
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accounts for that residual non- volumetric contribution in the coher-
ence. Consequently, the overestimation of canopy height decreased 
in low canopy heights with the empirical parametrization of the 
models. Another potential cause of the overestimation in small can-
opy heights is the ground contribution. In the simplified sinc model, 
no ground contribution is assumed and thus ground contribution 
(i.e., surface scattering from the ground) results in an overestima-
tion of canopy heights (Chen et al., 2016; Schlund et al., 2019). The 
overestimation gradually decreases with increasing vegetation cover 
(Figure 7), where a higher vegetation cover can be assumed to result 
in a lower probability of ground contribution to the signal.

In contrast to low canopy heights, tall canopy heights were gen-
erally associated with an underestimation from TanDEM- X. This is 
based on the fact that the X- band has limited penetration capabil-
ities into the volume layer of the vegetation (Guliaev et al., 2021). 
Furthermore, the extinction is assumed to be zero in the simplified 
models, whereas a significant extinction (P[|γVol| < ∣ �Volsinc ∣]) was 
found in most areas resulting in an underestimation of canopy height 
(Table 5; Figure 7).

It is important to mitigate the potential biases in the canopy 
height estimation as those would potentially propagate to ecologi-
cal applications such as an aboveground biomass estimation based 
on allometries with canopy height. We generally reduced the 
over-  and underestimation based on these effects by training with 
GEDI RH100 heights. With regard to canopy height and vegeta-
tion cover, the empirical parametrizations generally improved the 
estimation of canopy height with TanDEM- X reducing effects of 
residual non- volumetric coherence, ground contribution and ex-
tinction of the signal (Figure 7). Previous studies, mostly in higher 
latitude forests, suggested the possibility to parametrize the sim-
ple models with canopy height from ALS (Chen et al., 2021; Gómez 
et al., 2021; Olesk et al., 2016). Another possibility is the ingestion 
of ground elevation (Guliaev et al., 2021; Kugler et al., 2014; Qi 
et al., 2019). It is expected that this is in particular appropriate 
in taller forests, where the penetration of the TanDEM- X signal 
is limited. This is why we adopted the model similar to the best 
case scenario observed by Qi et al. (2019) for GEDI ground eleva-
tion and canopy heights at the location of GEDI shots. It can be 

F I G U R E  7  Residuals in m per canopy height [(a) and (c)] and vegetation cover class [(b) and (d)] for the linear [(a) and (b)] and sinc [(c) and 
(d)] model without and with their empirical parametrization in the whole study area (all groups within a class were significantly different).
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assumed that the canopy height estimation with additional ground 
information is at maximum as good as the ground elevation accu-
racy itself (Guliaev et al., 2021). Consequently, the accuracies of 
the simplified models without ground elevation and with ground 
elevation were not substantially different (Table 2). In general, 
the previous studies using ALS data and the ground elevation 
have limited capabilities for a canopy height estimation on large 
scales, because they relied on sparsely available wall- to- wall ALS 
data. In contrast, our study explored the potential of spaceborne 
data, where the models are independent from wall- to- wall canopy 
height or ground elevation data. This ensures a regional to even 
global application of these models.

The proportion of pixels indicating no ground contribution 
(P[hInSAR > CHM/2]) and zero extinction (P[|γVol| < ∣ �Volsinc ∣]) was 
different between the land- use types. The empirical parameters 
improved the linear model in all land- use types. In contrast, the em-
pirical sinc model outperformed the model without parametrization 
only for rubber and oil palm (Figure 8). This confirms that a general 
model is currently not known. It is important to empirically train the 
models in different land uses and vegetation structures, where the 
assumptions of the simplifications are not valid (Gómez et al., 2021). 
Our results suggest that the vegetation and land- use types could be 
considered for a potential stratification of the empirical parameters 
of the models. Furthermore, the empirical training of the model pa-
rameters could be achieved in smaller local windows instead of the 
whole scene. Consequently, the local variation of forest structure 
can be taken into account assuming that a sufficient number of GEDI 
samples are available.

Bodies of water were an extreme case, where the canopy height 
estimation models were not valid. Water bodies have generally a 
very low coherence resulting in very large errors. This confirms that 
a masking of valid areas can be important for producing reliable re-
sults (Schlund et al., 2017). Another source of errors can be iden-
tified in the temporal difference between the TanDEM- X and ALS 
acquisitions, which was visible in the east of Figure 5a. In this par-
ticular case, oil palm areas were cleared for re- planting after the end 
of their production cycle. However, the vast majority did not change 
substantially between the different acquisition dates.

F I G U R E  8  Residuals of the canopy 
height estimations with the different 
models in the shrubland (a), oil palm (b), 
rubber (c) and forest (d) land use plots 
with the RMSE and bias (relative RMSE 
and bias in brackets).

TA B L E  5  Proportion of pixels indicating no ground contribution 
(P[hInSAR > CHM/2]) and indicating zero extinction (P[|γVol| < ∣ �Volsinc ∣])  
for all the acquisitions combined in the different land use types 
with their respective average (and standard devi|ation) canopy 
height (CHM) and vegetation cover

Land use
P(hInSAR > 
CHM/2)

P(|γVol| < 
∣ �Volsinc ∣) CHM Veg. cover

Shrubland 0.11 0.70 18.2 (5.7) 87.3 (18.6)

Oil palm 0.17 0.76 14.3 (3.5) 87.1 (20.0)

Rubber 0.17 0.67 20.4 (4.5) 97.0 (5.4)

Forest 0.23 0.28 30.3 (7.9) 98.6 (1.7)

Overall 0.17 0.59 21.1 (8.3) 92.8 (14.5)
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In addition to the conditions on the ground, the accuracies de-
pend also on acquisition properties (Schlund et al., 2019). It can be 
assumed that high precipitation and moisture, resulting in high ex-
tinction of the signal and a low height of ambiguity can have a neg-
ative effect on the canopy height estimation with TanDEM- X (Olesk 
et al., 2016; Schlund et al., 2019). This was also observed in our 
study, in particular for the acquisition on 26 April 2019. However, 
the accuracies of the canopy height estimations with TanDEM- X 
were generally consistent across the different areas and acquisitions 
in our study.

4.2  |  Canopy height estimation based on different 
models with TanDEM- X

All TanDEM- X- based canopy height estimations indicated a moder-
ate relationship with the ALS canopy height, where the R2 ranged 
from 0.43 to 0.50 resulting in accuracies for the whole landscape 
in terms of RMSE between 10.3 m (55.8%) to 6.9 m (37.5%) and in 
terms of bias between −7.3 m (−39.7%) and 2.1 m (11.5%). The rela-
tive RMSE was lowest in forests ranging from 21.4% to 44.1%, fol-
lowed by rubber with 23.6% to 43.6%, oil palm with 27.9% to 56.1% 
and shrubland with 27.8% to 52.7%. Our canopy height estimation 
confirms results from higher latitude forests (Chen et al., 2016; 
Gómez et al., 2021; Olesk et al., 2016; Schlund et al., 2019), in which 
the simplified models have only been used so far. Similar simplified 
models without empirical parameters resulted in R2 values ranging 
from 0.08 to 0.64 with a relative RMSE ranging from 23.9% to 38.3% 
in boreal and temperate forests (Schlund et al., 2019). Lower abso-
lute RMSE values ranging from 1.9 to 3.9 m and higher R2 values 
ranging from 0.64 to 0.89 were found in the Mediterranean forests, 
where the empirical parametrization and canopy height estimation 
was conducted with TanDEM- X and ALS data on forest stand level 
(Gómez et al., 2021). The density and height of most of those forest 
stands were substantially lower compared to the tropical forests in 
our study.

Our study demonstrated the potential of single- polarized 
TanDEM- X data to estimate vegetation canopy height in a tropical 
landscape. Other studies in the tropics have exploited dual- polarized 
or full- polarized TanDEM- X data (Khati et al., 2017, 2018; Kugler 
et al., 2014). High accuracies with absolute RMSE values of 1.9– 
2.6 m were achieved with full- polarized TanDEM- X data in Indian 
forests (Khati et al., 2017, 2018).

The model inversion can be also improved with the ingestion 
of ground elevation information (Kugler et al., 2014). Based on the 
limited penetration capability of the X- band, the ground elevation 
can normally not be derived from TanDEM- X data. Lei et al. (2021) 
studied the potential to find the ground elevation with TanDEM- X 
and other data sources in bare areas resulting in a canopy height 
estimation accuracy of 3.2 m and R2 of 0.76 on hectare scale. Other 
studies used ALS data to retrieve the ground elevation (Guliaev 
et al., 2021; Kugler et al., 2014; Qi et al., 2019; Qi & Dubayah, 2016). 
For instance, Guliaev et al. (2021) achieved an R2 at maximum of 

0.4 and an absolute RMSE at minimum of 7.4 m by excluding areas 
with expected underestimation due to the limited penetration capa-
bility. Different combination scenarios using the ground elevation 
and canopy height from GEDI and TanDEM- X were investigated with 
simulated GEDI data in Qi et al. (2019). This resulted in the best case 
scenario in a tropical forest study area in an R2 of 0.44, an RMSE 
of 4.3 m (13.1%) and a bias of 0.6 m on hectare scale resolution (Qi 
et al., 2019). We adopted a similar retrieval method to the real GEDI 
shots in our study area, which resulted in an R2 of 0.53, an RMSE of 
6.1 m (35.8%) and a bias of 0.3 m (2.0%). While the R2 and bias were 
comparable or better in our study, the RMSE was higher in our study 
compared to the reported values in Qi et al. (2019). It is important to 
note that main differences can be associated to the study area, the 
resolution (90 m vs. 25 m in our study) and the use of simulated GEDI 
from ALS in Qi et al. (2019) and actual GEDI data in our study. The 
accuracy of the ground elevation of the real GEDI data potentially 
propagated to the canopy height estimation with that ground eleva-
tion information (Guliaev et al., 2021). Furthermore, the vegetation 
cover and canopy height itself have a significant impact on the GEDI 
canopy height estimation accuracy (Adam et al., 2020). Potential dif-
ferences between GEDI and ALS canopy height can result in uncer-
tainties in models where GEDI was used for training. Therefore, a 
selection of GEDI shots with higher sensitivity and accuracy could 
further improve the results.

Dual-  or full- polarized TanDEM- X data and information about 
the ground elevation is not available with wall- to- wall coverage, 
high resolution and high accuracy for most parts of the world. 
Consequently, we studied simple models without any ground ele-
vation information and compared them to a model with ground el-
evation information. In our study, the empirical parameterization of 
these simple models with the support of GEDI aimed to account for 
various extinction and ground- to- volume backscatter ratios. Only a 
few GEDI footprints within a TanDEM- X acquisition were necessary 
to train the empirical models. This was in contrast to the approach 
of Qi et al. (2019), where the kriging of ground elevation informa-
tion required a generally high density of footprints to estimate the 
ground accurately on local scale. In contrast to previous studies 
based on ALS data (Chen et al., 2021; Gómez et al., 2021; Guliaev 
et al., 2021; Qi et al., 2019), training with the GEDI footprint data po-
tentially enables the large scale application of the TanDEM- X- based 
canopy height estimation, as demonstrated in our study.

The empirical parameterization of the sinc model was relatively 
similar compared to the sinc model without empirical parameter-
ization. This was confirmed by model parameters a and bsinc being 
close to 1. The almost identical models resulted in the fact that the 
accuracy improved not substantial between the sinc models. This 
suggested that even if no GEDI footprint would be available (e.g. 
based on consistent cloud cover), the sinc model would still achieve 
an accuracy of about 40% in our study.

It is worth noting that Potapov et al. (2021) used the combina-
tion of optical Landsat and GEDI data to estimate canopy height 
on large scales. However, SAR data are considered to have higher 
potential to estimate canopy height compared to optical data. The 
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combination of the different datasources could be investigated to 
further improve the canopy height estimation. Our study confirms 
the potential of TanDEM- X for estimating the canopy height of trop-
ical vegetation.

It can be assumed that the canopy height is related to other 
forest structural parameters (e.g. aboveground biomass) and bio-
logical diversity. Therefore, it is recognized as essential biodiver-
sity variable to be estimated from space (Skidmore et al., 2021). 
The retrieval of wall- to- wall canopy height on a regional or even 
global scale is, to date, limited and associated with high uncertain-
ties (Dubayah et al., 2020; Quegan et al., 2019). The canopy height 
estimation of GEDI and TanDEM- X suggests a potential approach 
to estimate aboveground biomass on a regional to even global 
scale with high resolution (Caicoya et al., 2016; Choi et al., 2021; 
Dubayah et al., 2020). In addition to aboveground biomass, the 
vegetation canopy height is an important proxy for ecosystem 
structure and biodiversity (Atkins et al., 2021; Fahey et al., 2019; 
Lang et al., 2022). It can be assumed that the combination of GEDI 
and TanDEM- X data could support the assessment of biodiversity 
with wall- to- wall canopy height information on a regional to global 
scale (Dubayah et al., 2020). The utilization of two spaceborne sys-
tems enables not only the estimation on large scales, but also the 
consistent monitoring of canopy height and its associated changes 
over time (Schlund et al., 2021; Solberg et al., 2015). The accuracies 
of the canopy height estimation with GEDI and TanDEM- X might 
not be practical for all applications, where dedicated SAR missions 
could further improve the results in the future (Janoth et al., 2019; 
Moreira et al., 2015; Quegan et al., 2019; Yu & Saatchi, 2016). 
At a minimum, the wall- to- wall information based on GEDI and 
TanDEM- X facilitates the assessment of the spatial distribution 
of canopy height. This can support forest administrations to iden-
tify and monitor vulnerable areas, which are worth to protect. 
Furthermore, the estimations of canopy height can be classified 
in qualitative canopy height classes. The canopy height estimation 
and classification over time can be used to monitor the forest con-
dition and conservation activities. The qualitative canopy height 
classes can be further used by forest administrations and other 
stakeholders to support a stratification of ecosystem structure and 
for efficient forest inventories.

5  |  CONCLUSIONS

This study indicated that vegetation canopy height can be esti-
mated wall- to- wall on a regional level with TanDEM- X. The estima-
tion was based on models with different levels of simplification and 
their empirical parameterization. We demonstrated the potential 
of TanDEM- X in combination with GEDI data for estimating canopy 
height in a tropical landscape. The highest overall accuracy was 
achieved with an empirically trained sinc model. Our results sug-
gested that acquisition properties and conditions on the ground 
are important for the accurate estimation of canopy height. The 
training in our study was based on GEDI data, which is an almost 

globally acquiring spaceborne mission with a sampling concept. 
The TanDEM- X mission globally acquired data multiple times and 
thus our study showcases the potential of wall- to- wall canopy 
height estimation on a regional to even global scale. Our results 
demonstrate that the combination of both data sources can result 
in an improved vegetation canopy height information in terms of 
spatial coverage and accuracy compared to the estimation of can-
opy height with both data sources alone. Large- scale information 
on vegetation canopy height could provide essential information 
to estimate aboveground biomass as well as to monitor forest deg-
radation and restoration. Furthermore, the canopy height is recog-
nized as an essential biodiversity variable (Skidmore et al., 2021). 
Therefore, the information about canopy height on large scales is 
also important for applications like forest management and con-
servation. The results could also be of relevance for future mis-
sions with InSAR capabilities in various bands, such as the High 
Resolution Wide Swath (HRWS), the NISAR, the TanDEM- L and 
the BIOMASS mission (Janoth et al., 2019; Moreira et al., 2015; 
Quegan et al., 2019; Yu & Saatchi, 2016), and their combination 
with GEDI data.
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