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Abstract. Mapping forest structure, critical for assessing carbon stocks and fluxes, remains challenging with remote sensing.

We propose a novel framework linking an individual-based forest model (FORMIND), which generates explicit 3D forest

structures and dynamics, with a radar simulator (here used for TanDEM-X). We investigate radar coherence from simulated

forests to predict aboveground biomass (AGB) across varying spatial scales, measurement noise levels, and successional stages.

The framework is applied to the Barro Colorado Island (BCI) tropical forest, where we evaluate simulated coherence against5

TanDEM-X observations and invert canopy height, comparing the results with airborne laser scanning (ALS) data. Results

indicate a positive link between forest structure and interferometric patterns, with AGB prediction showing a clear dependence

on spatial resolution. This novel approach offers a pathway to map forest structure by combining broad radar data coverage

with an ecologically explicit forest model.

1 Introduction10

Earth’s forests are foundational elements of the global carbon balance, with carbon stock estimates ranging from 500-900 GT

(Pan et al., 2011; Harris et al., 2021), while contributing approximately 3 GT of annual net carbon sequestration (Mo et al.,

2023; Cherrington et al., 2024). Global forests are heterogeneous in both their carbon stocks and fluxes (Zhao et al., 2020; Bauer

et al., 2021). Under anthropogenic and climatic pressures, the world’s forests are changing rapidly. Mapping current carbon

stocks and fluxes is a widespread effort to reduce uncertainties, support decision-making, and plan conservation. Canopy15

height has emerged as a key predictor for forest biomass estimation, demonstrated through both field-based studies (Knapp

et al., 2020) and remote sensing approaches (Choi et al., 2023; Lang et al., 2023). However, this important structural metric

alone is insufficient, as other forest structural properties are needed for accurately characterizing carbon fluxes and local forest

dynamics (Rödig et al., 2018). The successional dynamics, disturbances, and the forest’s response to them often depend on

local conditions (Rödig et al., 2019). This introduces large spatial variability to global forests and their structure.20

For capturing forest structure, key for biomass stocks and carbon fluxes (Rödig et al., 2018), current remote sensing ap-

proaches face limitations. While LiDAR (ICESat-2 GEDI) provides global coverage (Dubayah et al., 2022), its point measure-

ments create challenges for upscaling from tree to forest scale (Burns et al., 2024; Lang et al., 2023). The TerraSAR-X add-on
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for Digital Elevation Measurement (TanDEM-X) radar coherence offers continuous coverage with high spatiotemporal reso-

lution (e.g., 10 m–100 m), but existing applications focus primarily on height mapping rather than structural characterization25

(Choi et al., 2023; Zhang et al., 2025). Individual-based forest models can bridge these knowledge gaps by providing relations

between different forest attributes and a mechanistic understanding of forest structure (Bauer et al., 2021), therefore offering

the possibility of a detailed radar analysis.

Here, we propose a new approach to integrate forest structure in assessing TanDEM-X radar measurements by directly

including radar simulations into a forest model. Analyses of Airborne Laser Scanning (ALS) data showed the feasibility of30

deriving local structural composition from individual-based forest models (Knapp et al., 2020). Utilizing a region-specific

FORMIND version (Rödig et al., 2019), canopy structures can be linked to radar observables such as the X-band coherence

from the TanDEM-X mission by applying interferometry (Treuhaft et al., 1996). This fusion of detailed ecological process

modeling with remote sensing data offers a powerful pathway to better understand and predict forest structural properties

across different spatial scales.35

Our results demonstrate the capability to link forest radar coherence to forest structural properties. We investigate the predic-

tive power for aboveground biomass (AGB) across spatial scales, under different measurement noise scenarios, and covering

different successional stages. Subsequently, at our tropical forest case study site, Barro Colorado Island (BCI), we evaluate the

model’s performance by comparing simulated interferometry with radar observations and inverting forest heights, validating

these estimates against ALS data.40

In this study, we investigate three main research questions:

1. How can forest modeling enhance radar coherence interpretation for characterizing forest structure and its influence on

aboveground biomass?

2. How well do radar simulations reproduce observed patterns in tropical forests?

3. How effectively can forest canopy height be retrieved from X-band radar coherence using an inversion of a radar simu-45

lator, and how do estimates compare with airborne laser scanning (ALS) results?

2 Material and Methods

2.1 Study site

For this study we use a tropical forest as reference site. This site is located at Barro Colorado Island (BCI, approx. 9.15°N,

79.85°W) and includes a 50 ha plot of mature semi-deciduous Neotropical forest with a high biodiversity of around 300 tree50

species (Condit et al., 2012a). The climate is characterized by a dry season and geographic isolation. The forest is documented

through the Smithsonian Forest Inventory (Condit et al., 2012a), offering about 40 years of continuous inventory data. The

forest is dominated by canopy heights of 30-40 meters, with emergent trees occasionally reaching 45-50 meters (Hubbell,

2013). The forest maintains an aboveground biomass (AGB) of approximately 280 t ha−1 on average (Chave et al., 2003;
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Figure 1. Successional dynamics of forest growth. Development of local AGB of the tropical forest in BCI. Different functional tree types

with distinct growth strategies drive the succession from bare ground to mature forest (Knapp et al., 2020). The variability on the local scale

- especially in older stands with complex multi-layered structures - is captured by the individual-based model FORMIND (Fischer et al.,

2016).

Mascaro et al., 2010), typical for old-growth forests in the Americas. Due to its large size, it is a valuable reference site for55

projecting forest dynamics to other tropical forests, as has been demonstrated by Feeley et al. (2011). We analyzed forest

structure from the 2012 inventory by using tree diameter at breast height (DBH) and position data (Condit et al., 2012b). In

addition, we utilized airborne laser scanning (ALS) data (Meyer et al., 2013) to validate our model’s predictions.

2.2 Individual-Based Forest Model

The forest model FORMIND simulates tree growth and forest dynamics through a mechanistic approach (Fischer et al., 2016).60

Individual trees are represented with their specific sizes, positions, and plant functional types, competing for light, water,

and space. The model incorporates key ecological processes including size-dependent growth, carbon production and storage,

competition, mortality, seed dispersal, and regeneration at the individual tree level.

The forest model FORMIND has been extensively validated across diverse forest ecosystems worldwide (Tietjen and Huth,

2006; Armstrong et al., 2018). Its applications range from analyzing biodiversity patterns and species coexistence to assessing65

forest resilience under climate change and anthropogenic disturbances (Köhler and Huth, 1998; Hiltner et al., 2021). The

model’s predictions have contributed to understanding long-term forest succession, carbon storage dynamics, and ecosystem

responses to environmental change (Henniger et al., 2023; Fischer et al., 2024). Figure 1 illustrates the dynamics of forest

succession simulated by FORMIND for the study site at BCI.

This individual-based approach enables the simulation of different structural forest compositions at a resolution of 20 m,70

together with forest properties such as the height of the local largest tree (for a Canopy Height Model CHM), stand age, AGB,

and carbon fluxes. These forest attributes can be also used as inputs for radar backscatter modeling.
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2.3 TanDEM-X radar coherence

The TanDEM-X mission operates as a bistatic X-band radar system (λ = 3.1cm) with two satellites, providing Earth surface

measurements (Zink et al., 2007). Leaves, twigs, and branches are effective scatterers at this wavelength and interaction with75

the canopy structure makes the backscatter signal valuable for forest investigation. We analyze TanDEM-X datasets, where

coherence amplitude serves as a main metric for interferometric analysis (Papathanassiou and Cloude, 2001). The orbital

acquisition parameters for our study site can be found in Appendix D (Zink et al., 2007). These influence the interferometric

measurements and the azimuth and range resolution of it.

The coherence γ is defined as the normalized complex cross-correlation between the two acquisitions s1 and s2, where s180

and s2 represent the complex radar signals received from the same ground area by each of the two TanDEM-X satellites:

γ = |γ|exp(jϕ) =
< s1s

∗
2 >

< s1s∗1 >< s2s∗2 >
(1)

Coherence is composed of amplitude and phase components γ = |γ| exp(jϕ) and is affected by weather and atmospheric

effects, such as the changing of dielectrical properties of leaves caused by rain events. The changing orbital constellations of the

TanDEM-X mission result in varying baselines, which in turn modify the acquisition properties and affect the measurements.85

The interferometric measurements depend on the vertical wavenumber κz , which is influenced by the system parameters:

wavelength λ, azimuth angle θ, and baseline angle difference ∆θ (Zink et al., 2007). The ground beneath the vegetation of

height hv can be captured by a digital elevation model (DEM) and is incorporated into the geometry of acquisition by the

ground phase ϕ0 and the observation angle θ through the vertical wavenumber κz:

κz =
2π∆θ

λsinθ
(2)90

Therefore, the vertical wavenumber varies locally with incidence angle and acquisition geometry (DEM-corrected). The

phase component ϕ ∈ [0,2π] relates to the average scatterer center height via hϕ = ϕ/κz through the interferometric wavenum-

ber κz and the normalized amplitude |γ| ∈ [0,1] defines the amount of decorrelation between the two acquisitions. This decor-

relation can be approximated by three factors: systematic errors (γsys - influenced by acquisition parameters and measurement

noise), volumetric decorrelation (γveg - depending on canopy structure), and temporal decorrelation (γtemp - negligible in95

simultaneous bistatic acquisitions) (Bamler and Hartl, 1998).

2.4 Integrating forest structure and radar coherence

Radar signals interact with vegetation through scattering that depends on the structure of the forest canopy. The relationship

between vertical vegetation structure and radar coherence is modeled by considering the signal’s propagation through the

different vegetation layers, where the signal is attenuated by the density of random scatterers ρ - resolved by depth z - as it100

travels downward through the canopy. Following Treuhaft et al. (1996), the coherence γ can be expressed as:
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Figure 2. Forest model - radar integration framework. (a) predicting biomass from coherence based on local forest structure, (b) forest

height inversion

γ = exp(jϕ0)
∫

ρ(z) exp(jκzz)dz∫
ρ(z)dz

(3)

For X-band radar, we utilize the vertical distribution of the Leaf Area Index (LAIi, LAI-profile) of individual trees i to model

the vertical profile of the backscatterers.

ρ(z) =
∑

i

LAIi(z) (4)105

The forest structure expressed as LAI distribution over height is then used to model radar backscattering on patch-scale

(20m× 20m). The attenuation of the signal with depth exp(− 2σhv

cosθ ) is parameterized by the exponential attenuation factor σ

and also depends on the incidence angle θ (Papathanassiou and Cloude, 2001).

We developed a radar simulator based on the Random Volume over Ground (RVoG) backscattering model (Treuhaft et al.,

1996). Figure 2 shows the workflow for the analysis of this study. Forest structure can be sourced from either ecological model110

simulations or from field inventories. TanDEM-X coherence measurements and acquisition parameters (cf. Appendix D) are

also used for this study.
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Figure 3. Canopy height aggregation process across spatial scales: Starting from TanDEM-X’s 5-meter resolution coherence measurement

cell i we inverted heights (hi
5), max-sampling captures the largest tree at 20-meter at patch j (hj

20), and mean-sampling is applied for 100-

meter scale at plot k (hk
100).

Our study includes two analyses: (a) Predicting biomass from coherence across forest successional stages modeled by

FORMIND. (b) Inverting forest height from TanDEM-X coherence.

The former analysis incorporates the explicit forest structure and coherence based thereon, while the latter employs a gener-115

alized forest strucural profile to relate coherence to height.

2.5 Biomass prediction from radar coherence

Individual-based forest models enable the simulation of small scale forest structure, including LAI-profiles matching LiDAR

energy return profiles (Knapp et al., 2020). We simulated 100 ha of natural growth from bare ground for 500 years using the

FORMIND model parameterized for tropical forest in Panama (Knapp et al., 2020). These individual-tree based simulations120

span the full range of successional stages, biomass stocks and structural composition, providing a diverse set of forest states.

For each individual forest state at 20 m resolution, we used the unique LAI-profile to simulate X-band coherence amplitude,

cf. Fig. 2(a). We then tested how well the coherence amplitude could predict forest biomass at different spatial scales and

including different noise levels. At the 20 m scale, we tested a linear regression model using coherence amplitude |γ| as a pre-

dictor for forest biomass. At the 100 m scale, we aggregated the coherence values at 20m×20m and tested three models: (1) a125

linear model with mean coherence amplitude, (2) a linear model with the standard deviation of coherence amplitudes, capturing

local coherence variability, and (3) a bilinear model combining both mean and standard deviation of the normalized coherence

amplitude. The regression models are tested using least-squares regression and are provided in more detail in Appendix B.

6

https://doi.org/10.5194/egusphere-2026-613
Preprint. Discussion started: 16 March 2026
c© Author(s) 2026. CC BY 4.0 License.



To account for real-world measurement uncertainties in radar coherence, we introduced a decorrelation term to our coherence

model:130

γsys = exp(−σNZ)2 (5)

with Gaussian weights Z ∼N (0,1) at two levels, σN = 10% and 20%. This yields an expected mean system-level decor-

relation of γ̂sys ≈ 1/
√

1 +2σ2
N ≈ 0.96 for σN = 20%. This noise model implies log-normal multiplicative decorrelation and

is acquisition-independent; it represents the combined effects of measurement errors and atmospheric variations that can affect

real TanDEM-X acquisitions. The corresponding multiplicative variance amounts to (γsys) =
√

1 +2σ2
N − 1

1+σN2
≈ 0.045.135

2.6 Forest Height Inversion

We developed a second method to estimate forest height (at the scale of 1 ha) from radar measurements. For this we used forest

inventory data for the tropical forest at BCI.

There we explicitly assume that the scatterers are equally distributed (over height) in the forest and there is only a decay of

the radar backscattering signal with depth. Using our radar simulator we can estimate the resulting coherence amplitude for140

each 5m× 5m plot. Thus the obtained coherence depends only on the local forest (based on the largest tree at 5m× 5m) and

acquisition parameters.

Our first height product (P1) relates coherence amplitude to forest height. Coherence amplitude is calculated as in Eq. 3

for the profiles ρ(z) = exp(− 2σhvz
cosθ ), σ = 0.02, creating a lookup-table for inversion at the scale of 5m× 5m (Treuhaft and

Siqueira, 2000).145

The second product extends this lookup table by incorporating the phase information, averaging this amplitude-derived

height with the phase-derived height hϕ = ϕ/κz (P2 = mean(P1,hϕ)). Both the inversion of amplitude and of phase use

acquisition- and pixel-specific κz .

Forest properties exhibit scale-dependent relationships with remote sensing metrics (Knapp et al., 2018). Spatial aggregation

can improve prediction performance by averaging out local variations. Balancing these scale-dependent trade-offs, we imple-150

ment a multi-scale aggregation strategy that preserves dominant structural features while achieving robust statistical properties.

TanDEM-X’s native resolution is defined in azimuth and range directions, varying across different acquisitions. Here, these

approximately translate to a scale of 5 m at which forest height can be resolved (h5). This small scale is where potential mea-

surement noise can be effectively reduced (Papathanassiou and Cloude, 2001). We apply max-sampling of heights h5 measured

at the scale of 5 m to capture the largest trees in each 20 m cell (h20), similar to Lorey height weighting (Lorey, 1887). Finally155

we average the obtained forest height h20 at 20 m resolution for 100 m plots, getting h100. The aggregation process is illustrated

in Figure 3. We validate both height inversion products P1,P2 against ALS-derived forest heights (Meyer et al., 2013) at the

hectare scale.

7

https://doi.org/10.5194/egusphere-2026-613
Preprint. Discussion started: 16 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 4. Biomass prediction from different radar coherence metrics for a tropical forest in Panama (BCI, 50 ha). Top row: Above-

ground biomass prediction from radar coherence amplitude. (a) 20m resolution linear prediction at the effective TanDEM-X resolution, (b)

100m resolution average (mean), capturing ha-scale properties,(c) 100m standard deviation (std) capturing local variability, (d) 100m bilinear

combining mean and std. Bottom row: Impact of 20% measurement noise on the different scenarios (e,f,g,h) compared to the top row. Results

based on 100 ha of simulated tropical forest using FORMIND with colors according to simulation time. Red lines indicate respective statisti-

cal prediction models (cf. Appendix B). Utilizing spatial aggregation, prediction accuracy can be retained despite the loss due to generalized

measurement noise.

3 Results

3.1 Predicting biomass from forest structure derived radar coherence160

Using FORMIND-simulated forest structures across successional stages, we investigated how structure-dependent radar coher-

ence enables biomass prediction. We also investigated how measurement noise and spatial scale influence biomass predictions.

Figure 4 illustrates the performance of four AGB regression models based on structure-derived coherence magnitude, com-

paring predictions at 20m and 100m resolutions. The top row (a-d) presents results in a noiseless scenario, while the bottom row

(e-h) shows the impact of 20% noise. The color gradient in each plot represents forest age, tracking the ecosystem’s develop-165

ment through successional stages. Measurement errors most severely impact 20 m scale predictions (Fig. 4e), but aggregating

to the 100 m plot scale substantially recovers accuracy (Fig. 4f-h). At this coarser scale, mean coherence amplitude emerges as

the strongest predictor, while the standard deviation as a metric for plot-level heterogeneity retains some predictive power. A
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Figure 5. Forest height and radar coherence amplitude for tropical forest in Panama, BCI (50 ha, 5 m resolution). (a) FORMIND

canopy height model vs ALS measurements. (b) Radar coherence amplitude (derived from the forest model and radar simulator, cf. Fig. 2(b))

vs TanDEM-X observations.
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more detailed analysis of the regression statistics is provided in Appendix B, with further analysis of individual successional

stages in Appendix A.170

3.2 Forest radar simulation at BCI

Figure 5 compares simulated and observed data at the tropical forest of BCI at a spatial resolution of 5 meters. Height distribu-

tions show similar means to ALS, though the model includes more gaps (DBH≥ 10cm threshold) and some overestimation of

single large trees. Coherence distributions and maps (simulations with the FORMIND forest model, 50 ha) reveal differences in

understory coverage. The modeled forest height derived from inventory data only includes trees above the diameter threshold,175

resulting in canopy gaps. Simulated coherence values reach 1.0 while observations show a long tail toward low values (mean

0.75), linked to the coarse model resolution at this smallest scale. Additional analysis is provided in Appendix E.

3.3 Inverting forest height at BCI

We evaluated forest height from two inversion approaches (P1 and P2) against ALS data at the one-hectare scale (Fig. 6). The

distribution of the 50 forest plots in the tropical forest at BCI (Fig. 6a) shows that both P1 and ALS measurements cluster180

around a mean height of 35 meters, while P2 shows a lower mean of 30 meters. The 1:1 comparison between P1 and ALS

(Fig. 6b) reveals strong correspondence with minimal bias. In contrast, while P2 shows a systematic bias in the height estimates

(Fig. 6c), it maintains a strong linear spatial correlation with the ALS data, suggesting that it captures relative height variations

across the landscape despite a larger absolute height offset.

Detailed validation statistics comparing both products against ALS data are provided in Appendix C.185

4 Discussion

We have demonstrated a novel approach to mechanistically connect tree-level ecological processes to interferometric radar

observations. Our proposed framework addresses key challenges in current forest remote sensing: lack of understanding of

forest radar retrieval, validation between ecological models and radar observations, and reliance on assessing remote sensing

data only based on statistical relations. Integrating FORMIND’s local explicit 3D forest structures with interferometric mod-190

elling enables robust predictions of height and biomass across different forest types, successional stages, and environmental

conditions.

Our analysis demonstrates that appropriate spatial aggregation methods are relevant for robust biomass prediction. Max-

sampling at 20m resolution, followed by mean-sampling at 100m plots links tree-scale dynamics to plot-scale properties. The

varying biomass prediction performance across successional stages highlights how forest structural complexity affects radar195

signals. Early successional forests, with simpler vertical structure, show higher prediction accuracy, while mature forests with

complex multi-layered canopies present greater challenges. This mechanistic insight can be crucial, e.g. for upcoming missions

like ESA-BIOMASS (Carreiras et al., 2017), as it provides a process-based framework for understanding how forest structure

affects radar signal interpretation.
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Figure 6. Validation of height inversion approaches. Canopy heights inverted from TanDEM-X vs. Airborne Laser Scanning (ALS) for

a tropical forest in Panama, BCI (50 ha), 100 m resolution. (a) Distribution of 50 validation points showing P1 and ALS means at 35m, P2

mean at 30m. (b) The comparison of P1 (coherence amplitude based) with ALS shows a strong correspondence with low bias. (c) In contrast,

P2 (coherence amplitude and phase) exhibits a systematic bias but maintains a strong linear correlation with ALS data.

The comparison between simulated and observed coherence distributions at BCI demonstrates both the capabilities and200

current limitations of our approach. While the model successfully captures general forest structural patterns, discrepancies

in canopy densities and subsequently coherence distributions indicate directions for future improvement. Our dual height

inversion strategies illustrate the trade-off between absolute accuracy with inversion product P1 and spatial correlation with

P2. Resolving the uniform scatterer-assumption in P1 e.g. by locally specific structural indices and the phase-center vs canopy-

top mismatch in P2 e.g. by affine debiasing requires further investigation. While our approach represents a significant advance,205

certain limitations should be acknowledged. The current reliance on DEMs for terrain correction limits applicability in regions

without high-quality elevation data.

A common approach for forest remote sensing with single-pass TanDEM-X interferometry is to first invert forest height

using the Random Volume over Ground (RVoG) model and then estimate biomass via allometric scaling. This method has been

refined through extensions like incorporating polarimetric information or more detailed ground scattering to improve height210

retrieval (Kugler et al., 2014; Hojo et al., 2020). Schlund and Boehm (2021) proposed a more direct method, demonstrating a

linear relationship between radar coherence and forest height. While effective across multiple sites, the question of how spatial

scale influences the coherence-height relationship is not addressed. One limitation of both these allometric and simpler linear

models is that they can overlook the structural properties of the forest, which influence the radar signal. Recently, He et al.

(2023) incorporated structural effects by analyzing the variability of the interferometric phase, using it as a signal-based proxy215
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for canopy complexity. Whether this canopy complexity proxy agrees with our approach of mechanistically representing the

3D canopy structure is a question for future research. Similarly, they emphasize the utilization of an external Digital Elevation

Model (DEM).

Results are presented for a tropical case study and can be transferred across forest ecosystems (boreal to tropical) through

ecological parameterization.220

Future developments should focus on incorporating additional forest processes such as disturbances from fire, windthrow,

and logging. These can significantly affect forest structure and radar signatures and could be facilitated as extensions through

the framework’s modular design.

Individual based forest models can capture localized relations between forest structure, successional stage and biomass in a

condensed manner. Building a mechanistic understanding of forest-radar-interaction on top allows to bridge the gap between225

insights from local field measurements and large-scale remote sensing observations. Our proposed framework opens new

possibilities for global forest ecosystem monitoring and is transferable via ecological parameterization and directly relevant for

missions such as ESA BIOMASS. Possible applications include real-time forest change detection (e.g. early warning systems

for deforestation) and adaptive management strategies, contributing to more accurate and reliable global carbon accounting.

5 Conclusions230

We present a mechanistic framework linking individual-based 3D forest dynamics to interferometric radar observations, en-

abling ecologically consistent height and biomass prediction across forest successional stages. We showed that, (a) forest

modelling can improve radar coherence interpretation through its ability to directly represent the vertical scattering structure

of forests, (b) radar simulations can reproduce observed coherence patterns in tropical forests qualitatively and (c) using this

approach, forest height can be retrieved from radar coherence - as validated here by ALS. Concluding, the mechanistic coupling235

of individual-based forest models with InSAR coherence enables biomass and height retrieval beyond empirical allometries,

improving robustness across successional stages of forests and under noise.

Code and data availability. The individual-based forest model FORMIND used in this study is available at https://formind.org/downloads/

under open terms. The generated dataset of X-band coherence values for forest structural states along the succession of 100 ha of tropical

forest in BCI can be retrieved from Zenodo https://doi.org/10.5281/zenodo.18337307 (Grohmann et al., 2026). The field data for BCI used240

in this study are managed by the ForestGEO network and can be requested via the ForestGEO data portal http://ctfs.si.edu/datarequest/.

Appendix A: Prediction accuracy across successional stages

We analyzed the simulated coherence amplitude for its AGB prediction performance across three forest successional stages

(Fig. A1a) at the 1 ha scale: early (pioneer species), mid (AGB overshoot), and late (equilibrium). At 100-meter scale, the model

showed strong predictive ability without noise, though performance declined from early (r=0.99) to late succession (r=0.92).245
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Figure A1. Biomass Prediction accuracy across successional stages and noise levels for tropical forest in Panama, BCI (BCI, 50 ha,

100 m resolution). (a) Aboveground Biomass (AGB) for three successional stages: early (pioneer species), mid (AGB overshoot), and late

(equilibrium). Biomass prediction under incremental noise levels: (b-d) original radar Simulations, (e-g) 10%, (h-j) 20% measurement noise.

Correlation coefficients decrease with both succession stage and noise level.

Adding 10% noise reduced correlations to 0.98 (early) and 0.86 (late), while 20% noise further degraded performance to 0.97

(early) and 0.69 (late).
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Table A1. Prediction accuracy for aboveground biomass (t ha−1) by successional stage at 100 m resolution. N = 1,500 points per stage.

Metric 0% Noise 10% Noise 20% Noise

Early Succession

Correlation (r) 0.99 0.98 0.97

R2 0.99 0.97 0.94

RMSE (t ha−1) 7.25 13.60 17.89

MAE (t ha−1) 5.77 10.88 14.34

Slope -473.92 -616.23 -570.25

Intercept (t ha−1) 460.08 563.57 549.85

Mid Succession

Correlation (r) 0.98 0.94 0.83

R2 0.96 0.88 0.69

RMSE (t ha−1) 10.36 18.31 29.00

MAE (t ha−1) 7.80 14.29 23.13

Slope -956.80 -975.50 -904.35

Intercept (t ha−1) 755.36 703.56 616.96

Late Succession

Correlation (r) 0.92 0.86 0.69

R2 0.85 0.74 0.48

RMSE (t ha−1) 12.86 17.05 24.11

MAE (t ha−1) 10.23 13.49 19.26

Slope -734.18 -710.78 -572.65

Intercept (t ha−1) 679.98 622.03 550.86

Appendix B: Detailed Regression Statistics for Biomass Prediction

Table B1 provides comprehensive regression statistics for the AGB prediction models tested in this study. Coherence amplitude

|γ| was calculated from the patch LAI-profiles at 20 m resolution, corresponding to patch biomass AGB. At 100 m, biomass250

AGB is accumulated over the corresponding 20 m patches. Coherence amplitude at 20 m is aggregated to 100 m by the average

mean100(|γ|) = 0.04
∑25

1 |γ| and by the standard deviation std100(|γ|) =
∑25

1 |γ|−mean100(|γ|) of the corresponding 25 20 m

patches per 100 m plot respectively. The models: 20 m Linear: AGB = a |γ|+ b, 100 m Mean: AGB = amean100(|γ|) + b,

100 m Std Dev: AGB = astd100(|γ|)+ b, 100 m Bilinear: AGB = amean100(|γ|)+ bstd100(|γ|)+ c

Regression was done using least-squares. The progression from 20 m to 100 m scale demonstrates the benefits of spatial255

aggregation. While the 20 m model shows severe degradation under noise (R2 dropping from 0.85 to 0.43 with 20% noise), the

100 m models maintain much stronger performance, with the bilinear model retaining R2 = 0.77 even under 20% noise. The
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Table B1. Regression statistics for biomass models across noise levels (t ha−1). Sample sizes: 20 m resolution model (N=312,500), 100 m

resolution models (N=12,500 each).

Model Metric Noise Level

0% 10% 20%

20 m Linear

R2 0.85 0.68 0.43

RMSE 57.84 84.58 113.07

MAE 43.89 61.72 83.12

Slope -814.23 -725.28 -516.94

Intercept 763.97 667.23 523.83

100 m Mean

R2 0.89 0.85 0.76

RMSE 23.38 27.10 34.39

MAE 17.41 20.90 26.83

Slope -809.47 -861.97 -865.64

Intercept 761.12 740.94 690.92

100 m Std Dev

R2 0.68 0.34 0.01

RMSE 39.73 57.31 70.20

MAE 30.71 39.96 44.87

Slope 1159.91 1249.93 212.04

Intercept 109.56 84.66 238.18

100 m Bilinear

R2 0.95 0.90 0.77

RMSE 16.35 22.74 34.05

MAE 13.16 17.98 26.52

Slope mean -612.95 -770.27 -864.52

Slope std 463.32 496.80 175.24

Intercept 576.83 615.40 659.04

bilinear model’s dual slopes (−864.52 for mean coherence, +175.24 for standard deviation) indicate that higher mean coher-

ence correlates with lower biomass (consistent with signal penetration theory), while higher coherence variability correlates

with higher biomass (reflecting structural complexity).260

Appendix C: Comparative Statistics: TanDEM-X Height inversion vs ALS

Table C1 shows validation statistics comparing TanDEM-X inversions against ALS for forest height. Product P1 achieves

superior absolute accuracy (bias: -0.21m, RMSE: 2.10m) while Product P2 shows stronger spatial correlation (r=0.81 vs r=0.74)

despite systematic underestimation (-5.29m bias).
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Table C1. Validation statistics for height inversion products (m) against ALS data for 50 samples at 100 m resolution. Mean ALS Height

35.04 m.

Metric Product P1 Product P2

Mean Estimated Height (m) 34.83 29.75

Bias (m) -0.21 -5.29

Relative Bias (%) -0.60 -15.09

Std-Dev Difference (m) 2.09 1.70

RMSE (m) 2.10 5.55

MAE (m) 1.60 5.29

Normalised RMSE (%) 5.98 15.84

R2 0.54 0.65

Pearson’s r 0.74 0.81

Slope 0.74 0.60

Intercept (m) 9.02 8.63

Table D1. Key TanDEM-X acquisition parameters for the BCI case study: nominal κz and incidence angle.

Date κz (rad/m) θ (◦)

2015-10-15 0.09 33.7

2015-10-26 0.09 33.7

2018-03-13 0.11 33.7

2020-01-24 0.12 33.7

Appendix D: Acquisition parameters265

The TanDEM-X acquisition parameters significantly influence the sensitivity of coherence measurements to forest structure.

The vertical wavenumber κz determines the vertical resolution of the interferometric measurement, with higher values provid-

ing better sensitivity to canopy structure but reduced penetration depth.

Multiple TanDEM-X acquisitions with varying orbital configurations were used for the BCI case study. Table D1 shows the

key acquisition parameters.270

Phases are calibrated manually relative to beach level at the BCI coast.

Appendix E: Radar simulation at BCI

Figure E1 shows the framework’s forward test at BCI aggregated (mean-average) to 20 m and 100 m resolution. Fig. E1a shows

the inventory data based FORMIND canopy height model vs. ALS measurements. While the distributions generally overlap, the
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Figure E1. Forest height and radar coherence amplitude at BCI. Data from the displays at Fig. 5 aggregated to 20 m and 100 m reso-

lution. (a-b) Forest heights derived from inventory data processed by FORMIND model vs. ALS measurements. (c-d) Simulated coherence

amplitude vs. TanDEM-X observations.

one-to-one correspondence shows discrepancies at this individual-tree-level. Fig. E1b shows the simulated coherence amplitude275

vs. TanDEM-X observations. While the distributions display similar behavior, the one-to-one correspondence is characterized

by agreement in the regime of high coherence amplitude values.
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