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Abstract

Precise information on canopy height is crucial to assess biomass and climate-induced structural changes
within forests. Canopy height maps derived from optical satellite data can provide valuable wall-to-wall in-
formation, but often remain subject to substantial uncertainties. In this study, we systematically investigate
the influence of training data and Sentinel-2 feature representations on the statistical performance of multi-
temporal, deep learning-based canopy height modeling within Rhineland-Palatinate, Germany. We trained
separate models using GEDI canopy height metrics or photogrammetric digital surface models (pDSM) as
training data, and compared Sentinel-2 composites with spline coefficients derived from annual satellite time
series as input representations. Hence, four different canopy height models were generated for the period
2018-2025, which we validated with independent airborne LiDAR data and compared with established global
canopy height products. The best predictions were achieved using a combination of pDSM training data
and Sentinel-2 spline coefficients, reaching a pooled RMSE of 3.14 m, compared to 4.06 m - 5.98 m for the
other model configurations. This improvement was mainly rooted in the higher inherent accuracy of pDSM
data, as well as the phenological information provided by the spline coefficients. The best-performing model
also outperformed three global canopy height products and exhibited high temporal stability, supporting its

suitability for a range of forest monitoring applications such as disturbance and recovery monitoring.
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1 Introduction

Forests account for approximately 80% of global terrestrial biomass and therefore play a crucial role in the
global carbon cycle and the mitigation of climate change through carbon sequestration (Nunes et al., |2020;
Pan et al., 2013)). Over the past decades, European forests have been subject to severe alterations, mostly
due to increasing disturbances driven by ongoing climate change (Griinig et al., 2026} Senf & Seidl, 2021]).
In this context, information on forest structure, such as canopy height, is becoming increasingly relevant,
as it serves as an important determinant of biomass and is well-suited for the monitoring of disturbances
and recovery (F. Fassnacht et al., 2014; Lang et al., [2023; Senf et al., 2019). Remote sensing can provide
precise information on canopy height at high spatial resolution through the utilization of Airborne Laser
Scanning (ALS) or photogrammetric correlation of aerial imagery (Coops et al., 2021; Haala, 2011). Their
acquisition, however, is costly, often resulting in sparse and fragmented spatial coverage as well as temporal
inconsistencies, including data being acquired years apart or under differing conditions (e.g., leaf-on vs. leaf-
off periods) (Moudry et al., 2026|). This complicates their consistent use for multi-temporal applications.
To overcome this limitation, recent research has focused on the utilization of high-, to medium-resolution,
openly available satellite imagery, such as Sentinel-2, Sentinel-1 and Landsat, in combination with sparse Li-
DAR reference data for modeling and predicting canopy height with wall-to-wall coverage. The most widely
used source of reference data is the Global Ecosystem Dynamics Investigation (GEDI), a spaceborne Li-
DAR mission providing forest structure information within non-contiguous 25 m diameter footprints, spaced
approximately 600 m across-track and 60 m along-track (Dubayah et al., 2020). It has shown to be well
suited for integration with satellite imagery in machine learning frameworks to generate spatially continuous
canopy height maps (Kacic et al.,|2023; Potapov et al.,|2021; Turubanova et al.,|2023). In recent years, deep
learning architectures have been shown to generate more accurate maps of canopy height at global (Lang
et al., 2023; Pauls et al., [2026]), continental (De Keersmaecker et al., 2026) and national (Schwartz et al.,
2023)) scale.

However, the accuracy of these maps remains limited, as the GEDI footprints themselves can be affected
by substantial errors, primarily due to geolocation inaccuracies, terrain slope, and beam type (Adam et al.,
2020; Tang et al., |2023)). Furthermore, GEDI-footprints over very short or absent canopies are subject to a
systematic bias of approximately 3 m (Pauls et al., 2024), which makes utilization for young forest stands
challenging. A known issue of canopy height maps using GEDI reference data also remains the underpredic-
tion of tall canopies and the overestimation of small canopies (Chen et al., 2025; Dong et al., [2025; Moudry
et al., 2024a)). This limits their applicability for tasks such as early forest recovery monitoring. Due to
their higher accuracy and lower sensitivity to geolocation and terrain-related errors, digital surface models
derived from ALS (aDSM) and photogrammetric imagery (pDSM) have the potential to mitigate or at least
reduce these limitations when used as reference data for wall-to-wall canopy height modeling (Moudry et al.,
2026)). Although several studies have successfully used ALS data for this task (Kalinicheva et al., [2026; S.
Liu et al., 2023)), to our knowledge, a systematic comparison between GEDI and airborne-derived DSMs
as training reference data for canopy height modeling has not yet been conducted. While ALS offers the
highest accuracy among these reference sources (Nurminen et al., 2013)), its availability relative to pDSMs
varies regionally, as photogrammetric image acquisition is generally more cost-effective and efficient, as it is

often carried out routinely by surveying agencies.

Besides the choice of reference data, the representation of the satellite imagery itself may also influence the
accuracy of canopy height modeling. Many existing canopy height products rely on annual or seasonal satel-
lite image composites as input features, as they provide cloud-free observations while reducing atmospheric

effects and data volume (Griffiths et al., 2013). However, such selection approaches compress an entire



time series into a single synthetic image and therefore discard the valuable temporal information contained
within the original satellite time series. To retain more of this temporal information, spectral-temporal
metrics (STMs) have been used for canopy height modeling (Potapov et al., 2021; Turubanova et al., |[2023]).
STMs aggregate satellite imagery time series into a set of statistical metrics, thereby retaining beneficial
temporal information (Frantz et al., [2023a). Recent studies have demonstrated that utilizing satellite image
time series directly improves canopy height modeling performance, e.g., Kalinicheva et al. (2026). Similarly,
Earth observation foundation models exploit complete satellite time series to derive temporal embeddings
that have shown promising results for canopy height prediction (Feng et al., 2026)). Alternative temporal
representations can be derived from the statistical coefficients of time series interpolation. Similar to embed-
dings, these produce a continuous, gap-free signal, preserving seasonal surface dynamics such as vegetation
phenology and serve as a compact, dimensionality-reduced representation of the time series. Such a feature
space has been shown to improve predictive performance for modeling forest inventory metrics compared to
image composites (Wilson et al., 2018). Recently, spline coefficients derived from cubic spline interpolation
of the time series (Bolton et al., 2020) have been successfully applied to derive forest information layers,
e.g., tree species fractions (Klehr et al., [2025)), and have shown to outperform STMs, and perform on par
with latent embeddings for land cover fraction mapping (Schug et al., 2026|). However, their suitability for

canopy height modeling remains unexplored.

Consequently, the aim of this study is to systematically investigate two key factors that may affect the
accuracy of deep learning-based canopy height modeling: 1) the choice of training reference data and 2)
the temporal representation of the satellite input data, which, to our knowledge, have not yet been jointly
assessed. Four deep learning models are trained, covering all combinations of two training data sources
(GEDI footprints and pDSMs) and two Sentinel-2 input representations (median composites and spline
coefficients), to assess their individual and combined effects on the accuracy of canopy height modeling in a
temperate mixed forest region. Sentinel-1 SAR data are additionally included as a standard complementary
input across all model configurations. The resulting multi-temporal canopy height maps are evaluated using

independent ALS-derived reference data.

2 Study Area

Our study area comprises the federal state of Rhineland-Palatinate in southwestern Germany (Figure [1]).
Approximately 43% of the state’s land area is covered by forests, making it the most densely forested federal
state in Germany. Forests are dominated by European beech, oak, and Norway spruce. The severe drought
events between 2018 and 2020 resulted in extensive bark beetle outbreaks and widespread mortality of spruce
stands, particularly in the northern parts of the state (Landesforsten Rheinland-Pfalz, |2022). This led to
diverse forest conditions, ranging from mature, closed stands to recently disturbed and regenerating areas
including standing deadwood in non-managed national park areas. Together with multi-temporal availability
of both pDSM and aDSM data, this makes Rhineland-Palatinate a suitable area for the evaluation of canopy
height modeling.

The region is furthermore characterized by a temperate oceanic climate and a heterogeneous topography

that strongly influences local climatic conditions and forest structure (Gauer, 2012).
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Figure 1: Overview of the study area: Rhineland-Palatinate, federal state of Germany.

3 Data

3.1 Satellite Data

All available Sentinel-2 Level 1C images covering Rhineland-Palatinate were acquired for the period 2018-2025.
It yields multispectral Earth observation data with a band-specific spatial resolution between 10 and 60 m.
Three satellites (A, B, and C) provide revisit frequencies of around 2-3 days at mid-latitudes (Drusch et al.,
2012)). To ensure standardized and efficient downstream analysis, the data were processed into Analysis
Ready Data (ARD) and stored in a data cube structure using the Framework for Operational Radiometric
Correction for Environmental Monitoring (FORCE) (Frantz, 2019). Preprocessing comprised cloud mask-
ing, as well as radiometric, atmospheric, topographic and bi-directional reflectance distribution function

corrections (Buchner et al., 2020; Frantz et al., [2016al 2018; Roy et al., 2017). Furthermore, the spatial

resolution of the 20 m bands was improved to 10 m resolution using the ImproPhe data fusion algorithm

(Frantz et al., 2016b).

Additionally, Sentinel-1 gamma naught (7") data were acquired for the same research period through the
CODE-DE platform (https://code-de.org/de/portfolio/?q=Sentinel-1). Sentinel-1 acquires C-band Syn-
thetic Aperture Radar (SAR) data using multiple sun-synchronous satellites with a revisit time of 1 to 3
days (Torres et al., . Preprocessing included radiometric calibration, multilooking, as well as topo-
graphic and geometric corrections. Ground Range Detected (GRD) observations were acquired in both VV
and VH polarizations and were also organized in a data cube format (Beyer et al., .


https://code-de.org/de/portfolio/?q=Sentinel-1

3.2 Canopy Height Reference Data
3.2.1 GEDI

Two different data sources were acquired for the training of the employed deep learning models. The Global
Ecosystem Dynamics Investigation (GEDI) data provides global forest structure measurements within cir-
cular footprints of approximately 25 m in diameter (Dubayah et al.,[2020). In this study, the RH95 metric,
representing the height below which 95% of the waveform energy is returned relative to the ground, was
used as the canopy height reference, as it has been shown to correlate well with canopy height while being
less sensitive to noise (Schwartz et al., 2024). All available GEDI footprints covering Rhineland-Palatinate
were acquired for the years 2019-2022 and 2024; the instrument went into a hibernation phase in 2023. To
ensure high-quality training labels the GEDI data were filtered using quality and degrade flags, a sensitivity
threshold greater than 0.95, and the selection of power beams only. After filtering, a total of 579,168 GEDI

footprints were retained for training.

3.2.2 Photogrammetric Digital Surface Model

The second source of training data consists of photogrammetric digital surface models (pDSMs). These
models are generated from dense point clouds derived through the photogrammetric correlation of overlap-
ping aerial images, resulting in wall-to-wall surface information (Haala, 2011). They cover approximately
half of the study area each year, provide a vertical accuracy of approximately 1 m, and were provided by the
State Office for Surveying and Geobasis Information of Rhineland-Palatinate (LVermGeoRLP, [2026]). For
this study, pDSMs were available for the years 2018, 2019, 2020, 2022, and 2023 at a spatial resolution of
20 cm, with acquisition dates mostly between June and August (Figure Al). The pDSMs were resampled
using maximum resampling to 5 m and bilinear resampling to 10 m. They were visually inspected, to ensure
high-quality training data. Regions with obvious data artifacts were manually removed. As pDSMs are
acquired in regular cycles with high spatial coverage in Germany, their availability for large-scale rollout is

much better than that of ALS data. Hence, they were used as training data in this study.

3.3 ALS-based Digital Surface Model

To independently validate the canopy height models, ALS-derived digital surface models (aDSMs) acquired
between 2020 and 2025 were used. The ALS acquisitions were carried out as part of a multi-year surveying
campaign during leaf-off conditions, with the datasets from 2020 to 2024 collectively covering the entire
study area, while the 2025 acquisition provides additional coverage (Figure A2). The data were provided by
the State Office for Surveying and Geobasis Information and have a reported vertical accuracy better than
30 cm. Owing to their high accuracy, the aDSMs were used exclusively for independent model validation
— in line with good practice guidelines stating that validation data shall be of better quality than the data
used for training (Olofsson et al., 2014). They were resampled and visually inspected, consistent with the
pDSMs.

3.3.1 Additional Data

Daily surface temperature data, specifically soil temperature at 5 cm depth, were obtained from the Cli-
mate Data Center of the German Meteorological Service (DWD — German Meteorological Service, [2026).
The dataset provides spatially continuous daily estimates at a spatial resolution of 1 km, derived using the
agrometeorological soil-plant-atmosphere model AMBETTI (Braden, 1995) and subsequent spatial interpo-
lation. The data were reprojected to ETRS89-LAEA (EPSG:3035) to align with the Sentinel-2 data and



provide the basis for thermal encoding of the Sentinel-2 time series, which is part of the workflow to derive
the spline coefficients.

To compare our canopy height model configurations with established products, three global canopy height
maps for the year 2020 were used as a benchmark. These comprised ECHOSAT by Pauls et al. (2026]), the
Very High Resolution Canopy Height Maps by Tolan et al. (2024), and the Canopy Height Model of the
Earth by Lang et al. (2023).

Additionally, the Copernicus Dominant Leaf Type layer for 2018 was used to constrain height predictions
to forested areas during validation (Copernicus Land Monitoring Service, |2020). During the spatiotemporal
analysis, the Forest Canopy Cover Loss dataset for Germany (Thonfeld et al., 2026) was used to differentiate
disturbed areas from unaffected areas. To identify standing deadwood for the temporal analysis of disturbed

areas, the standing deadwood fractions for Germany by Schiefer et al. (2025]) were used.

4 Methodology

This section outlines the methodological approach of this study, which compares four different model con-
figurations combining different training reference data sources (GEDI and pDSM) and Sentinel-2 input
representations (median composites and spline coefficients), and evaluates their performance against inde-
pendent ALS data (Figure [2).
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Figure 2: General workflow for this study. Sentinel-1 VV and VH data are used as median composites in
all 4 modeling configurations, which consisted of GEDI labels and Sentinel-2 composites (1.), GEDI labels
and Sentinel-2 spline coefficients (2.), pDSM labels and Sentinel-2 composites (3.), and pDSM labels and
Sentinel-2 spline coefficients (4.). Individual models were trained for the prediction of 4 canopy height time
series (2018-2025) for the study area, which were evaluated against independent aDSM reference data.

4.1 Data Preparation
4.1.1 Satellite Composites

For the first and third experimental configurations (Figure , Sentinel-2 imagery was aggregated into
annual median composites. This represents an established approach, which has been successfully applied for
canopy height modeling at various scales, as it reduces noise and residual cloud artifacts while producing
representative features of the underlying time series (Pauls et al., 2024} Schwartz et al., 2024). Sentinel-2
images were filtered for clouds and cloud-shadows and composited for the period June to August, matching
the acquisition window of most orthophotos used for the pDSMs, to ensure temporal consistency between
the satellite input and the training reference data (Figure A1). Sentinel-1 composites were created for VV

and VH polarizations in the same manner and used across all model configurations.



4.1.2 Sentinel-2 Time-Series Representation

To represent the temporal dynamics contained within the Sentinel-2 observations, we transformed the irreg-
ular image time series into a continuous representation using weighted cubic B-splines, following the original
approach of (Bolton et al., 2020). This approach incorporates observations from adjacent years while re-
taining the temporal characteristics of the target year. The concept of spline fitting has previously been
adapted to various remote sensing tasks (Klehr et al., [2025; Schug et al., 2026)). We adopted the general
framework while modifying the weighting strategy, spline parameterization and implementing a thermal
positional encoding, which are described below.

To account for spatial variations in phenological development, we incorporated thermal positional encoding
(TPE) following the Nyborg et al. (2022) framework. It represents the temporal position of each Sentinel-2
observation based on accumulated thermal time instead of calendar time. We calculated growing degree
days from daily soil temperature data provided by the German Meteorological Service (DWD — German
Meteorological Service, 2026), accumulating temperatures above 0 °C and limiting daily contributions to a
maximum of 30 °C. The resulting thermal time per day and pixel within a 1km grid, defined by the input
data, was normalized to the annual 365-day range to provide a consistent temporal representation across
the study area.

For each target year, thermally encoded Sentinel-2 observations from the target year and the two preced-
ing years were considered. Observations from the target year were assigned a base weight of 1.0, whereas
observations from the preceding and the second preceding year were assigned initial maximum base weights
of 0.30 and 0.15, respectively. Thus, observations from previous years complemented the reconstruction in
cases where observations from the target year were sparse, while retaining a substantially lower influence on
the resulting temporal representation if data density in the target year was sufficient.

The initial weights were further refined using a residual-based weighting scheme: an initial cubic B-spline
was fitted to an NDVI time series constructed from the available observations for each year. The relative
residuals between observed and fitted NDVI values were used to down-weight observations with large devi-
ations from the fitted temporal pattern. This residual-based weighting reduces the impact of outliers and
observations that are inconsistent with the dominant phenological signal. The resulting weights were then
used for the final spline fitting of the Sentinel-2 spectral bands.

For each spectral band, we fitted a smoothed cubic B-spline using 22 basis functions (control points) and
uniformly spaced, fixed knots throughout the year. A fixed regularization parameter (A = 0.1) controlled
the smoothness of the fitted functions by penalizing excessive curvature. The regularization term was based
on the integrated squared second derivative of the fitted B-spline, such that functions with greater curva-
ture received a higher penalty. To reduce boundary effects, the annual time series was extended by three
observations at both the beginning and end of the year. These additional observations were generated from
median values of observations near the respective temporal boundaries.

The resulting 22 spline coefficients per spectral band - derived from thermally encoded observations - were re-
tained as the thermal/temporal features for subsequent analysis. The time-series parameter calculation was

implemented in C, and the source code is publicly available at https://github.com/ForestPulse/splinecoefs.

4.1.3 Data Partitioning

For model training, the satellite image representations as well as the reference training data were reshaped
into chips of 256256 pixels; chip dimensions of 2% have been shown to be efficient for tensor calculations
(Cira et al., |2024). GEDI labels were rasterized onto a 10 m grid aligned with the satellite imagery and
chipped accordingly. Each RH95 footprint was assigned to the pixel corresponding to the footprint’s center.
Empty chips, i.e., without any GEDI-labels, were discarded. As GEDI’s 25 m footprint diameter exceeds

the 10 m pixel resolution, this single-pixel assignment provides a conservative label without assuming ho-
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mogeneity within the footprint, though it also inherits uncertainty from GEDI’s geolocation error. This
approach has been shown to yield stable results for canopy height modeling (Schwartz et al., . Unlike
the sparse GEDI-derived chips, which only contain valid pixels at footprints, pDSM-derived chips provide
dense, wall-to-wall reference values across the full chip.

The data were split into 80% training and 20% validation data using spatially coherent validation areas
distributed across the study area, to avoid overoptimistic accuracy estimates caused by spatial overfitting
(Meyer et al., |2018) (Figure [3). To further reduce this effect, the split was applied consistently across
all years, and chips located at the border of validation areas were removed. Furthermore, as GEDI and
pDSM reference data were not available for every year in the study period (Table Al), each configuration
is characterized by years for which no training data were used at any location (temporal holdout years),
but independent aDSM validation data were nonetheless available. These years (2023 and 2025 for the
GEDI-based configurations; 2024 and 2025 for the pDSM-based configurations) allow for an assessment of
temporal stability for years entirely unseen during training. In total, 4,032 training and 1,018 validation
chips across all years were used for the pDSM-based modeling and 4,739 training and 1,090 validation chips
across all years were used for the GEDI-based modeling. The temporal distribution of training and valida-
tion chips is relatively balanced across years for both reference data sources (Table A1), while their spatial
distribution differs: pDSM chip density is lower in the north-west of the study area, and GEDI chip density

is concentrated along the orbital tracks (Figure [3]).
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highlighted. Missing chips were removed because of label noise or to mitigate spatial autocorrelation around
validation regions.



4.2 Deep Learning Model

The model used in this study is based on a U-Net architecture, extended with several modifications (Ron-
neberger et al., 2015). First, Sentinel-1 and Sentinel-2 imagery are processed through separate convolutional
stems and fused via concatenation at full spatial resolution (256x256 pixels), prior to entering the encoder.
This early-fusion design allows SAR and optical information to be jointly considered from the first encoder
level onward. Second, each encoder level consists of two parallel residual blocks with differing kernel sizes
(3x3 and 7x7). While the residual blocks allow for deeper and more stable training, the parallel kernels
capture both fine-scale and broader spatial context (He et al., 2016; R. Li et al., 2022)). Each residual block
employs Group Normalization and includes a residual connection with a 1x1 convolution to match channel
dimensions where necessary (Wu & He, 2018). Third, skip connections between encoder and decoder include
attention gates, which suppress irrelevant spatial regions in the encoder features (Oktay et al., 2018]). The
encoder comprises three downsampling levels (via max pooling) followed by a bottleneck layer, and the
decoder mirrors this structure using transposed convolutions for upsampling. A final 1x1 convolution maps
the decoder output to a single-channel canopy height prediction. The only architectural difference between
the Sentinel-2 composite- and spline-coefficient-based models lies in the number of input channels of the
Sentinel-2 stem (10 and 220 channels, respectively), reflecting the different dimensionality of the two input

representations. All other components remain identical across configurations.

Weighted loss functions have shown the potential to mitigate the known tendency of canopy height models
to over- and underestimate short and tall canopies (Fayad et al., [2024). Consequently, a weighted loss
function was implemented based on an L1 loss. Canopy heights were discretized into eight bins (0-5, 5-10,
10-15, 15-22, 22-30, 3035, 35-40 and 40-60 m), which were chosen empirically from the error distribution
of an initial, unweighted baseline model. Each bin was assigned a weight derived from its Root Mean Square
Error (RMSE) in this baseline model, relative to the mean RMSE across all bins:

wy, « RMSE;, /RMSE (1)

where RMSE}, denotes the RMSE of bin ¥ and RMSE the mean RMSE across all bins. Bins with above-
average error were assigned proportionally higher weights, penalizing errors within these bins more strongly
during training. The resulting weights were normalized to a mean of 1 and clamped to a fixed range to
preserve training stability. During training, the loss for each pixel was computed as the absolute error

between prediction and reference, scaled by the weight of the bin corresponding to the reference height:

| XN
L= N > wyy |9 — vl (2)
i—1

where N is the number of valid pixels in a chip and k(4) is the bin index corresponding to the reference

height of pixel 7.

4.3 Experimental Design

The training process was kept largely identical for all four experimental configurations. Matching Sentinel-
2, Sentinel-1, and reference label chips were sampled with a batch size of 8 and passed through the model
architecture. As the number of available training chips differs between reference data sources due to GEDI’s
sparse, point-based sampling versus the dense, wall-to-wall coverage of the pDSM, the full training split was
used for each configuration. This was done to ensure the maximum achievable modeling accuracy attainable

from each reference data source for the given data availability in the study area. Model predictions were
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compared to the reference data and the weighted loss was computed. Model weights were updated via back-
propagation using the Adam optimizer (Kingma & Ba, 2014). The initial learning rate was set to 0.0001 and
reduced by a factor of 2 if the validation error metric did not improve for 5 consecutive epochs. After each
epoch, the error metric was calculated using the held-out 20% validation data, and the model checkpoint was
saved whenever a new lowest value was achieved. For the pDSM-based configurations, the RMSE was used
and for the GEDI based configuration the Mean Absolute Error (MAE), as it is less sensitive to outliers,
which are more likely in noisy GEDI labels (Hodson, [2022). The same validation areas were used across all
configurations to ensure comparability. No data augmentation was applied. Each model was trained for 100
epochs on an NVIDIA GeForce RTX 3050 (6 GB VRAM), with training times ranging from 26-41 hours
depending on the configuration. All models were implemented using the Python library PyTorch (Paszke
et al., 2019).

Based on this shared structure, four model experiments were conducted: (1) sparse GEDI-labels combined
with Sentinel-2 composites, (2) sparse GEDI-labels combined with Sentinel-2 spline coefficients, (3) wall-to-
wall pDSM-labels combined with Sentinel-2 composites, and (4) wall-to-wall pDSM-labels combined with
Sentinel-2 spline coefficients. This design allows to assess the individual and combined effects of training
data and input representations on canopy height modeling (Figure . Sentinel-1 composites were used as
complementary input data in all training scenarios. For the GEDI-based configurations, only valid pixels
were used in the loss computation. From each model experiment, canopy height maps were generated for

the years 2018 to 2025 for the complete study area at 10 m spatial resolution.

4.4 FEvaluation Metrics

To evaluate and compare the four canopy height models, predictions were validated against independent
aDSM reference data, matched by acquisition and prediction year. As the aDSM data were not used during
initial training and validation in any of the configurations, they provide a consistent and unbiased basis for
comparison across all experiments. Furthermore, only aDSM data within the validation areas were used
to ensure spatial independence during accuracy assessment (Figure A2). All evaluations were restricted to
forested areas using the 2018 tree mask. Multiple error metrics were computed to assess model accuracy: the
Root Mean Squared Error (RMSE), the Mean Absolute Error (MAE), and the coefficient of determination
(R2), representing the proportion of variance in the reference data explained by the model predictions. The
metrics are reported annually, as well as pooled across all years in which reference data were available. For
the pooled analysis, slope and intercept are reported as well.

To further investigate the influence of reference data and input representation on the prediction of specific
canopy heights, such as short and tall canopies, RMSE was additionally computed within 2 m height bins
of the pooled validation data and compared between the four configurations. The canopy height map based
on pDSM training data and spline coefficients was further compared against three established global canopy
height products for the year 2020, using the same set of metrics and the same aDSM-based, masked evalu-

ation approach.

To assess the suitability of the multi-temporal predictions for various downstream applications, a tem-
poral analysis of the best-performing model was conducted. Canopy height change between 2018 and 2025
was evaluated annually, while pixels that were flagged by the Forest Canopy Cover Loss disturbance product
were omitted (Thonfeld et al., 2026). This was done to investigate the ecological plausibility of the annual
height change between years for several height-bins, without disturbed areas.

Furthermore, we evaluated height changes in areas disturbed between 2019 and 2021. Disturbed pixels were

differentiated into standing deadwood and other disturbances using the Germany-wide standing deadwood
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probability product of Schiefer et al. . To obtain a conservative standing-deadwood sample, only pixels
with a probability of at least 80% were classified as standing deadwood, with all remaining disturbed pixels
classified as other disturbances. To reduce mixed-pixel effects along disturbance boundaries, a one-pixel
interior buffer was removed from the disturbance mask. For each disturbed pixel, canopy height change was
calculated relative to the year preceding the disturbance and trajectories were aligned to the disturbance
year. In addition, standing-deadwood trajectories within Hunsriick-Hochwald National Park, where dead
trees are generally not subject to salvage logging, were compared with the corresponding trajectories derived

from the full study area.

5 Results

5.1 Quantitative Results

The results of the pooled accuracy assessment show substantially different performance depending on the
model configurations (Figure . The pDSM-Spline model reaches the best overall MAE (2.31 m), RMSE
(3.14 m) and R? (0.86), while the GEDI-Composite model performs worst (MAE: 4.52 m, RMSE: 5.98 m,
R2: 0.51).

GEDI-Composite GEDI-Spline
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Figure 4: Comparison of predicted against aDSM canopy heights for the four canopy height models using
all validation pixels pooled across years. The dashed line indicates the 1:1 relationship and the red line
shows the linear regression fit. The color scale indicates the number of observations per hexagonal bin and
is shared across all panels.
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Comparing models that use the same input representations shows that replacing GEDI with pDSMs improves
the accuracy substantially for the composite-based (MAE by 1.48 m, RMSE by 1.92 m and R? by 0.265) and
the spline-based configurations (MAE by 1.76 m, RMSE by 2.24 m and R? by 0.263), with a slightly larger
absolute increase for MAE and RMSE when using spline coefficients. Consequently, comparing models with
the same training reference data shows the effect of the input data representations. Replacing Sentinel-2
composites with spline coefficients improves all error metrics for the GEDI-based (MAE by 0.45 m, RMSE
by 0.60 m and R? by 0.093) and the pDSM-based configurations (MAE by 0.73 m, RMSE by 0.92 m and R?
by 0.091). Overall, pDSM training data have a larger effect on model accuracy, although spline coefficients
also show considerable improvements for both training data types. This pattern is also reflected in the
regression slope and intercept. The slope increases from 0.63 for GEDI-Composite to 0.89 for pDSM-Spline,
while the intercept decreases from 9.17 m to 2.21 m, indicating a reduction in modeling bias.

These improvements also persist for the annual error metrics (Table . For every year, the pDSM-Spline
model achieves the best scores across all error metrics, followed by pDSM-Composite, GEDI-Spline, and
GEDI-Composite. Annual sample sizes range roughly from 940,000 to 5,420,000 pixels, reflecting differences
in aDSM validation data availability within the spatial holdout. While RMSE and R? are subject to sub-
stantial interannual fluctuations for the GEDI-Composite model (SD: RMSE = 0.57 m, R? = 0.07 ) the
pDSM-Spline model achieves more stable interannual results (SD: RMSE = 0.34, R? = 0.02), suggesting
improved robustness for multi-temporal predictions. Notably, temporal holdout years, from which no data
were used during training, regardless of location, do not show systematically higher errors than years for

which the model had seen data, suggesting that all four models generalize reasonably well for unseen years.

Table 1: Annual accuracy assessment of the four canopy height models. MAE and RMSE are reported in
meters. Grey-shaded cells indicate temporal holdout years, i.e., no data from the corresponding year was
used to train the respective model. Standard deviation (SD) for each metric is reported in the last row.

Year GEDI-Composite | GEDI-Spline | DSM-Composite | DSM-Spline

MAE RMSE R? \MAE RMSE R? \MAE RMSE R? \MAE RMSE R?

2020 4.22 561 049] 374 498 0.60| 264 355 0.80] 202 277 0.8
2022 457  6.09 036| 435 569 044] 3.01 398 073] 251 332 081
2023 377 496 047| 351 467 053] 256 334 076] 1.98 263 085
2024 515  6.66 046| 438 574 0.60| 3.62 477 0.72] 246 338 0.6

2025 463  6.10 0.59\ 3.90  5.18 0.71\ 3.05  4.24 0.80\ 236 345 0.86

SD 046 057 007] 034 041 0.09] 038 051 0.03] 022 034 0.02

The binned absolute RMSE shows how uncertainty varies across different canopy heights (Figure[5]). Medium
canopy heights (22-30 m) already show comparatively low errors for both GEDI models, with only moderate
improvement for the pDSM-Composite and pDSM-Spline models. The largest improvement can be observed
for short canopy heights (2-12 m), where RMSE improved by approximately 5 to 7 meters between the
GEDI-Composite and the pDSM-Spline model (Table A2). Within the GEDI-based configurations, spline
coefficients also reduce RMSE consistently, though this improvement is most pronounced at short canopy
heights and comparatively small in the medium-height range, where both GEDI models achieve their lowest
errors. While all models show increasing error metrics for canopies taller than 30 m, this effect is substantially
reduced through the incorporation of the pDSM and spline coefficients.

This pattern is also reflected in the relative binned RMSE (normalized by reference height) Figure , which

further emphasizes the performance differences for shorter canopies. The pDSM-Spline model reduces the
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overall relative RMSE roughly by a factor of 2 compared to the GEDI-Composite model (15.6% vs. 29.6%).
As expected, relative RMSE is largest within the smallest height-bin for all configurations, though this error
is substantially reduced for the pDSM-Spline configuration (approximately 208%) when compared with the
GEDI-Composite configuration (approximately 900%). The relative error decreases for taller bins, before
slightly rising again for heights above 30m (Table A3), consistent with the underprediction of tall canopies
discussed above. However, this effect is again substantially reduced for the pDSM-Spline model, which
achieves the lowest relative RMSE across all bins.

Overall, both the pDSM-Composite and the pDSM-Spline model perform better for every height bin than the
GEDI-based models (Table A2). Notably, both the shortest and tallest canopy height bins are represented

by comparatively few validation pixels, which has to be considered when interpreting these results.
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Figure 5: Absolute (a) and relative (b) RMSE distribution within 2 m canopy height bins for the GEDI-
Composite, GEDI-Spline, pDSM-Composite, and pDSM-Spline models, pooled over all validation years.
Grey bars correspond to the overall proportion of validation pixels within each bin.

5.2 Spatiotemporal Analysis

To visually assess the differences between the model configurations, four representative areas were selected
within the spatially held-out validation regions (Figure |§[) They were selected to capture a range of forest
types and structure within the study area. For each area, the comparison includes the four modeled canopy
height configurations, as well as ALS-based ground truth and a corresponding orthophoto (Figure .

In areas A and B, the pDSM-based models exhibit substantially more defined forest edges and clearer dif-
ferentiation between adjacent stands, compared to the GEDI-based models, which in general appear more
blurred. This enhanced contrast enables the visibility of small-scale differences in both vertical and horizon-
tal canopy structure. This is particularly evident in area D, where the GEDI-based models fail to resolve
small canopy clearings, which are evidently resolved by the pDSM-based models. Consistent with the quan-
titative results, the characteristic underprediction of tall canopies and the overprediction of small canopies
is less pronounced for the pDSM-based models, most notably in areas A and C, where taller stands are
present. The inclusion of spline coefficients leads to comparatively subtle visual changes for both the GEDI-
and pDSM-based configurations, consistent with smaller quantitative improvements for the error metrics.
Improvements can be observed for tall canopy heights (areas A and C) and small canopies (areas A and B),
although the choice of reference data clearly has a bigger impact.

Overall, the visual results are consistent with the quantitative analysis. Although the DSM-Spline model
performs best, fine-scale structures in highly heterogeneous areas, such as individual trees, are occasion-
ally not correctly resolved (areas A and B), and the underprediction of tall canopies remains a persistent

limitation, although much less pronounced than in the other models (areas A and D).
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Figure 6: Height map for Rhineland-Palatinate based on pDSM data and spline coefficients for 2024. Areas
of interest that will be further analyzed are highlighted.
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Figure 7: Visual comparison of height maps for different model configurations. The areas are taken from
the spatial holdout for the years 2025 (A), 2024 (B), 2023 (C), 2022 (D), i.e., when validation data were
available. The corresponding orthophotos have temporal offsets of + 1 year. The ground truth is based on
aDSM data.

The bin-wise annual growth analysis enables a detailed view of growth trends for forest areas that remained
undisturbed between 2018 and 2025 (Figure [8). The highest annual growth rates between 2018 and 2021
were observed for the 5-10 m bin, whereas canopies between 0-5 m showed the largest growth between 2022
and 2025. Both bins showed median growth rates of approximately 0.3 - 1 m/year (Table A4). Taller bins
consistently showed smaller growth, with the 25-30 m bin approximating an average growth of 0 m/year.
For bins larger than 30 m, an increasingly negative growth can be observed. A consistent dip in growth can
be observed for the year 2021 across most height bins, suggesting a year-specific modeling artifact.

Disturbed areas between 2019 and 2021 show substantially different height change trajectories between
standing deadwood and other disturbances (Figure E[) When analyzing all standing deadwood within the
study area, height reduction is delayed by approximately one year relative to other disturbances, which
show a substantial height decline already within the disturbance year. Within the Hunsriick-Hochwald
National Park, where salvage logging is not applied, standing deadwood instead shows a more gradual
decline, converging with the height reduction observed for other disturbances approximately four years after

the initial disturbance.
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Figure 8: Annual growth of different canopy height bins. Growth is displayed as the median height change
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Figure 9: Height change for disturbed areas, relative to the disturbance time. Standing deadwood and
other disturbances are differentiated. Standing deadwood is displayed for the entire study area and for the
Hunsriick-Hochwald National Park only.

5.3 Comparison with existing Canopy Height maps

To assess our best performing model (pDSM-Spline) with respect to established canopy height products, we
evaluated them with the aDSM data for 2020 used in this study (Figure A3). Our regionally-trained model
performs best across all metrics and height bins. Improvements are most pronounced for smaller canopy
heights when compared against GEDI-based products, which show error metrics broadly comparable to our
GEDI-based configurations (Lang et al., Pauls et al., (Figure A4). Compared against Tolan
et al. , improvements are most substantial for taller canopies.

Visual comparison of the resulting maps further supports these findings, with our model resolving fine-scale
structures and forest edges more clearly than the evaluated products, consistent with its higher accuracy
for both short and tall canopies (Figure A5).
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6 Discussion

Our study investigates the influence of different reference data sources and satellite data input representa-
tions on the modeling of multi-temporal canopy height. Both wall-to-wall pDSM training data and spline
coefficients as input representations improved model accuracy substantially. A direct comparison of GEDI
footprints and pDSM data against independent aDSM reference data confirms that this improvement is likely
rooted in the inherent accuracy of the two reference sources themselves: pDSM data show a substantially
better agreement with ALS (RMSE = 1.97 m, R? = 0.935) than the GEDI RH95 values (RMSE = 6.67 m,
R2 = 0.325) (Figure . This is consistent with previous findings, which highlight GEDI’s sensitivity to
geolocation errors and slope (Adam et al., 2020; H. Li et al.,|2024; A. Liu et al., 2021)). Notably, GEDI also
inherently assigns a height of approximately 3 m to ground observations (Pauls et al., 2024)), introducing
an additional, systematic bias. Furthermore, GEDI-based canopy height maps are often trained on the top
height of 25 m footprints, centered on a single 10 m pixel, providing no spatial context beyond the sparse
footprint locations themselves (Dubayah et al.,|2020; Lang et al., [2023). While the accuracy of GEDI-based
models can be increased through extensive footprint filtering (Moudry et al., 2024b|) and adaptive loss func-
tions (Pauls et al.,|2024)), the underlying limitations constitute an inherent constraint for any model trained
on GEDI data, contributing to reduced achievable accuracy independent of model architecture or input
representation. Interestingly, our GEDI-based configurations achieved higher accuracies against ALS data
than the original GEDI data (RMSE = 5.98 m for GEDI-Composite and RMSE = 5.38 m for GEDI-Spline),
which also has been observed in previous studies (Bermudez et al., 2026)). This suggests that the model is,
to a limited degree, able to compensate for GEDI’s uncertainty, likely through spatial generalization over

many training labels and spatial context from the input data.

The higher inherent precision of the pDSM labels likely also explains the substantial accuracy differences
between the GEDI- and pDSM-based configurations. As the pDSM data have no inherent uncertainty con-
cerning short tree heights and tends to resolve small-scale forest structure more precisely, gains in accuracy
are substantial for small canopies. They furthermore provide wall-to-wall labels instead of GEDI’s sparse la-
bels, which may be particularly beneficial for CNN-based approaches, as the model can learn high-frequency
spatial variation in canopy height between adjacent pixels (Lang et al., [2023). This dense coverage also
results in a substantially larger number of valid supervised pixels per training chip compared to GEDI
footprints, which may further contribute to the observed accuracy gains.

The pDSM and aDSM data differ in acquisition season: the pDSMs were mostly acquired under leaf-on
conditions, whereas the aDSM data were acquired under leaf-off conditions. As leaf-off pulses penetrate
deeper into deciduous crowns, this could bias the validation based on aDSM data. The close agreement
between pDSM and aDSM (RMSE = 1.97 m, bias = 0.17 m) suggests that this effect is limited (Figure [10)).

As a residual influence cannot be fully excluded, leaf-on ALS data would be needed for quantification.
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Figure 10: GEDI and photogrammetric DSM canopy height evaluated against aDSM reference data. Only
pixels that have aDSM, pDSM and GEDI labels within specific years were included in the analysis. Error
metrics are pooled across all years.

In addition to the choice of training data, the incorporation of Sentinel-2 spline coefficients also improved
model accuracy substantially compared to median composites — regardless of reference data choice. Median
composites select a single observation of the time series for each pixel and band, and hence effectively convert
the rich multi-temporal information to a mono-temporal synthetic image. In addition, composites may be
negatively affected by various factors such as the number of observations, radiometric consistency, or cloud
artifacts (Francini et al., , introducing spatial patterns that may be disadvantageous for CNN-based
modeling. As they remain the basis for a variety of forest related remote sensing tasks such as disturbance
and biomass monitoring (Francini et al., 2022} Senf & Seidl, [2021)), as well as canopy height modeling (Pauls
et al., ; Schwartz et al., , they were chosen for the comparison within this study.

In contrast, the spline coefficients effectively preserve temporal information, such as phenology (Bolton et
al., , consequently yielding additional information for canopy height. They are also less susceptible
to spatial artifacts from rapid land cover conversions, like harvesting or stand removal, which often appear
in pixel-based compositing. Other time series-based feature representations such as harmonic regression
coefficients (Wilson et al., or temporal embeddings from foundation models (Feng et al., have
been shown to produce higher accuracies for forest related remote sensing tasks than composites or indi-
vidual images, consistent with the findings in this study. Schug et al. found that spline coefficients
exhibit high modeling accuracy when utilized for land cover fraction mapping. Compared to STMs and
latent embeddings, they were characterized by the best accuracy, although embeddings resulted in a higher
multi-annual stability when temporally transferring models. Nevertheless, their good performance in previ-
ous tasks, as well as efficient and comparatively fast computation motivated their selection as the temporal

representation tested in this study.

Because the magnitude of improvements contributed by pDSM reference data and spline coefficients re-
mained largely comparable across model configurations, this suggests that input and reference data improve
modeling mostly independently rather than through strong synergistic effects. The improvement gained by
the addition of spline coefficients was slightly larger for the pDSM-Spline configuration than for the GEDI-
Spline configuration. This may be explained by the substantially lower inherent noise of the pDSM reference
data compared to GEDI (RMSE against aDSM of 1.97 m and 6.67 m) (Figure [10). With less uncertainty
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contained within the training labels, the model may be better able to exploit the additional temporal infor-
mation provided by spline coefficients, which also hints at the possibility that optimized training parameters
or architectural improvements of the deep learning model could yield additional gains in accuracy, as the
remaining error can less likely be attributed to reference data quality. In some studies, Vision Transformer
architectures have shown the potential to outperform classic CNN architectures for this task (Fayad et al.,
2024; Sierra et al., [2026)).

The underestimation of tall canopies remains a known limitation in canopy height modeling from satellite
data (Moudry et al., 2024al), which is likewise observed in our evaluation of the three global canopy height
models (Figure A3 and A4). This effect is often attributed to saturation of the satellite signal and a low
quantity of tall canopy training labels (Lang et al., 2023; Schwartz et al., 2024). The same pattern emerges
in building height estimation from satellite imagery, where tall structures are likewise underestimated due
to similar limitations (Cai et al., |2023; Frantz et al., 2021)). This suggests that the underestimation of tall
objects reflects a general challenge of height estimation from satellite data, rather than one specific to forests.
In this study, both pDSM training labels and spline coefficient input representations reduced this error. This
may be attributed to the fact that wall-to-wall training data provide more tall-canopy training samples as
well as spatial context that can be beneficial when spectral differences in canopies become marginal. Frantz
et al. (2023Db)) observed a similar pattern for building height, with saturation setting in at greater heights in
the US compared to Germany (Frantz et al., [2021)), which they partly attributed to the greater availability
of tall training samples.

Additionally, Spline coefficients add beneficial phenological information that can further support this dis-
tinction. Choi et al. (2026|) suggest that the benefit of multi-temporal satellite imagery for canopy height
modeling can largely be attributed to tree species information. A similar mechanism may be observed with
spline coefficients in this study, since the suitability of spline fitting for the mapping of tree species fractions
has been shown (Klehr et al., [2025)). We furthermore implemented a weighted loss function based on the
error distribution of an initial, unweighted baseline model, to explicitly penalize errors for underrepresented
height ranges such as tall canopies during training. Similar weighting strategies in canopy height modeling
have shown to mitigate the underestimation of tall canopies successfully (Fayad et al.,2024). Although sub-
stantial improvements were achieved, the underestimation of tall canopies remains a persistent limitation
across all model configurations. This is further reflected by the growth trend analysis, where canopies taller
than 30 m partly showed declining height trends. Part of this phenomenon, might be caused by undetected
disturbances within the disturbance product used for masking before the analysis — Thonfeld et al. (2026)
report a user’s accuracy of 92% for the disturbed class, i.e., 8% commission error. They further state that
their approach is not able to detect loss of single trees, which could indicate the omission of areas affected
by selective logging or naturally dying trees. Since scattered tree death can have a substantial influence on
forest loss (Cheng et al., 2024]), undetected logging, similarly affecting individual or small groups of trees,
may contribute to the observed height reductions, especially since selective logging and crown defoliation

are common within our study area, affecting mostly old trees (MKUEM, 2025)).

Furthermore, the accuracy for short canopies was improved by the pDSM-spline model. This is consistent
with findings that GEDI-based canopy height maps often severely overestimate short canopies (Dong et al.,
2025; Moudry et al., 2024a). The comparison against existing canopy height products supports this, where
GEDI-based products showed the highest errors for small canopies, while Tolan et al. (2024)), based on wall-
to-wall ALS training data, showed comparatively smaller errors in this range. Improvements may partially
also be attributed to the improved ability to resolve small canopy gaps and horizontal forest structure.

Overall, our pDSM-Spline configuration yielded better results across all metrics and heights compared to
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the three evaluated global models. While parts of this can be attributed to improvements in input and
training data, the comparison is also conducted between a highly localized model and global canopy height
products, which inherently contributes to this advantage. Therefore, these results should not be overstated
and rather be seen as an informative inter-comparison. Although the influence of both factors cannot be
fully separated within the scope of this study, this may indicate that local or national models should be
applied where precise canopy height information is required, consistent with studies explicitly comparing
local and global model performance (Rolf et al., 2026). We do note however, that the global canopy height
model of Pauls et al. (2026]) shows comparable accuracy to our own GEDI models, highlighting the products

robustness and the generalizability of their approach.

The multi-temporal error metrics showed comparatively stable values for unseen years across all model
configurations, although the pDSM-Spline configuration showed the least inter-annual variability. This sug-
gests that all configurations generalize reasonably well to years without training data, with pDSM-Spline
showing the most consistent performance, and hence potential for temporal transfer, e.g., with respect to
continuous monitoring. For applications such as growth monitoring, temporal stability becomes key. While
the detailed temporal analysis of our best model (pDSM-Spline) revealed uncertainty and partially negative
growth trends for canopies larger than 30 m, the overall results indicate realistic trends. The largest growth
rates were observed for smaller canopy heights, decreasing with increasing tree height, which is consistent
with known patterns of tree growth (Bontemps & Duplat, [2012; Duncanson & Dubayah, [2018]). To mitigate
the uncertainty in multi-temporal canopy height modeling, Pauls et al. (2026) enforced realistic growth
trends through the usage of a growth loss. Implementing a similar approach could further improve the ac-
curacy of growth trajectories and presents a promising direction for future research. However, this increases
model complexity and potentially limits the detection of selective logging and gradual tree degradation, as
reported by the authors. Hence, potential improvements will need to be balanced against practicability and

applicability, requiring a targeted validation campaign for evaluation.

While the introduction of pDSM training data substantially improved modeling performance compared to
GEDI footprints, this approach comes with its own set of limitations. First, high-quality DSM data are not
available globally, which limits its applicability to regions with sufficient coverage. Within Europe, ALS
and/or photogrammetric DSM coverage is generally good, although data availability, temporal coverage, ac-
quisition parameters, and metadata vary considerably. In particular, national campaigns are often designed
for surveying purposes and hence frequently conducted during leaf-off periods, making the data’s applica-
bility for vegetation structure suboptimal, especially for photogrammetric DSMs (Jayathunga et al., 2019}
Moudry et al., 2026). Despite these limitations, multiple recent state-wide campaigns for Germany (Hopf-
stock et al., 2022) and France (https://geoservices.ign.fr/lidarhd), as well as EU-wide open-data initiatives
such as the INSPIRE directive (SDIU, 2007)), aim to improve data availability. In this study, the approach
was applied to an area with good pDSM and aDSM coverage; of these, aDSM was specifically reserved for
validation, as it represents the data source with higher accuracy (Olofsson et al., [2014). This resulted in
comparatively small validation sample sizes within the spatially held-out areas for some evaluated years
(although still approximately 940,000 pixels at worst). However, the stability of results between different
validation years indicates that this effect is limited.

We further acknowledge that the transferability of our model to other regions is likely limited to areas that
show similar climatic and silvicultural conditions, and hence comprise a similar feature space (Meyer &
Pebesma, [2021). The comparatively limited performance of the Tolan et al. (2024) product for our study
area may also be explained by this limitation, since their model was calibrated primarily on ALS data from

the continental US, which differs considerably from Europe’s temperate forests. Spatial transferability of
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the approach presented here therefore remains subject to future research. In a next step, we plan to apply
the pDSM-spline modeling framework at the national scale across Germany.

The main limitations of using spline coefficients comprise data storage and computational demand. They
require dense, corrected time series of satellite data, as well as sufficient computational capabilities during
initial calculation, training and inference, given their comparatively heavy 220-band input. However, given
the increasing prevalence of analysis ready data, e.g., through FORCE and its existing data cube on the
German CODE-DE platform (Beyer et al., [2025; Frantz, 2019), the U.S. Analysis Ready Data program
(Dwyer et al., 2018]), the Harmonized Landsat & Sentinel-2 product (Claverie et al., [2018), or Google Earth
Engine (Gorelick et al., |2017), along with current capabilities of cloud and high-performance computing,
we do not consider this a major limitation. Furthermore, spline coefficients require less time and fewer
resources to compute than learned embeddings from foundation models, and once computed, they can be
reused across different downstream tasks. We additionally emphasize that all code used for this study is

openly available and can be reused; please refer to the Data Availability section.

Since precise, temporally stable canopy height information is needed for various downstream tasks, we con-
sider several potential applications for which the pDSM-Spline canopy height maps produced in this study
are suitable inputs. A survey of forest practitioners found that respondents request errors below 3 m and a
preference for data no older than five years (F. E. Fassnacht et al.,|2025), underscoring the practical relevance
of our annually updated, accurate pDSM-spline product (pooled RMSE = 3.14 m, MAE = 2.31 m). As this
model performed considerably better for small canopies and showed temporal stability as well as realistic
growth patterns, it may be applied for monitoring forest recovery, following disturbances and harvest. This
could help with predicting future recovery based on ecological site conditions and inform foresters about
the need for management interventions. Forest disturbances have increased significantly in Europe and are
expected to increase further, making recovery monitoring increasingly relevant (Griinig et al., 2026} Senf &
Seidl, 2021)).

Furthermore, larger-scale maps based on this configuration may support the monitoring of biomass dynam-
ics over time. Since canopy height is a key determinant of biomass (F. Fassnacht et al., [2014), precise
height information may contribute to more accurate aboveground biomass estimates, leading to a better
understanding of the role of forests in climate change mitigation.

We further note, that although we have focused on forests, the canopy height maps produced by our ap-
proach are a wall-to-wall products trained on a multi-purpose Digital Surface Model. As such, elevated
objects outside of forests are similarly represented with predicted height values. We deliberately decided to
not mask out these pixels, in support of other potential applications, e.g., applications related to building
height in urban areas (Cai et al.,2023; Frantz et al.,[2021). However, our product is not specifically validated
outside of forests, which we considered to be out of scope of this study, remaining a direction for future
research.

Beyond the applications discussed above, the results of this study also point to the potential usability of the
produced canopy height maps for disturbance detection. As shown in the temporal analysis, pixels flagged
as disturbed consistently showed substantial height decreases, hinting at the feasibility of a structure-based
disturbance detection (Figure @ The temporal analysis of standing deadwood further reveals that height
loss for this disturbance type is delayed relative to other disturbances, due to salvage logging in the follow-
ing year. Within unmanaged forests such as the Hunsriick-Hochwald National Park, this decline is much
more gradual, indicating the time it takes for the standing deadwood to collapse. The example shown in
Figure depicting bark beetle disturbance followed by partial salvage logging, illustrates this contrast:
salvage-logged areas are visually detectable as pronounced reductions in predicted canopy height, while

standing deadwood is still characterized by heights similar to those of the intact stands. These findings

22



indicate that the temporal signature of height change may help distinguish between disturbance types such
as standing deadwood and salvage-logged areas, representing a promising direction for future research, when
combined with existing disturbance and mortality products (Schiefer et al., ; Thonfeld et al., .
Given the demonstrated advantages of our models, a similar approach applied at the national scale could
feasibly extend applications such as recovery monitoring, biomass dynamics, and disturbance monitoring to

a larger scale, provided suitable DSM training data are available.

2019 Height 2023 Height
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Om 40 m [ | 1

Figure 11: pDSM-Spline maps of Hunsriick-Hochwald Nationalpark, western Rhineland-Palatinate. Severe
bark beetle attacks occurred between 2019 and 2023.

7 Conclusion

In this study, we investigated the influence of input feature representations and training data on canopy
height modeling. This was done using four model configurations to assess the effect of training and input
data. Both photogrammetric digital surface model (pDSM) training data and Sentinel-2 time series spline
coefficients substantially increased modeling accuracy compared to GEDI training data and Sentinel-2 me-
dian composites. This demonstrates that time series information is a key feature for improving canopy
height modeling accuracy, in addition to high-quality reference labels. Our results suggest that DSMs com-
bined with temporal representations of satellite data should be the preferred setup for precise canopy height
modeling, where such data are available. However, GEDI remains a valuable and practical reference source
if DSMs are unavailable.

We found high temporal stability in our multi-annual predictions, suggesting suitability for various down-
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stream applications such as disturbance monitoring, subsequent recovery monitoring, and biomass dynamics.
Since this study focused on a relatively small research area, future work should focus on national, regional, or
continental scales to assess transferability and the influence of patchy reference data availability. Lastly, the
influence of canopy height models of higher accuracy on various downstream tasks should be explored, as well
as the applicability of this modeling design to other structural target variables, such as canopy cover. Since
canopy height remains a key structural indicator for forest carbon dynamics and climate-induced change,
continued efforts to improve the accuracy and transferability of canopy height modeling will directly support

adaptive forest monitoring.
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Figure A1l: Spatiotemporal coverage of photogrammetric DSM training data for the years 2018-2020 and
2022-2023. Validation areas are marked in red.
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Figure A2: Spatiotemporal coverage of independent ALS validation data for the years 2020-2025. Validation
areas are marked in red.

Table Al: Available training and validation chips per year for both GEDI and pDSM reference data sources.

Year pDSM Train pDSM Val GEDI Train GEDI Val

2018 959 229 0 0

2019 645 164 821 146
2020 749 199 1091 202
2021 0 0 833 206
2022 641 198 980 266
2023 1038 228 0 0

2024 0 0 1014 270

Table A4: Median annual canopy-height change for undisturbed areas of pDSM-Spline model by initial
canopy-height bin and year pair. Changes are reported in m.

Height bin Year pair Median annual change in m
0-5m 2018-2019 0.71
2019-2020 0.45
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Height class Year pair Median annual change [m yr~!]
2020-2021 0.22
2021-2022 0.74
2022-2023 0.53
2023-2024 0.49
2024-2025 0.40
5-10 m 2018-2019 0.99
2019-2020 0.59
20202021 0.10
20212022 0.60
2022-2023 0.33
2023-2024 0.51
2024-2025 0.14
10-15 m 2018-2019 0.76
2019-2020 0.64
20202021 -0.17
20212022 0.59
2022-2023 0.19
2023-2024 0.47
2024-2025 -0.08
1520 m 2018-2019 0.46
2019-2020 0.60
20202021 -0.48
2021-2022 0.70
2022-2023 0.24
2023-2024 0.30
2024-2025 -0.25
20-25 m 20182019 0.13
2019-2020 0.55
2020-2021 -0.85
2021-2022 0.87
2022-2023 0.21
2023-2024 0.23
2024-2025 -0.43
25-30 m 2018-2019 -0.23
2019-2020 0.51
2020-2021 -1.08
2021-2022 0.96
2022-2023 0.29
2023-2024 0.02
2024-2025 -0.58
30-35 m 2018-2019 -0.80
2019-2020 0.48
20202021 -1.32
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Height class Year pair Median annual change [m yr—!]
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Figure A3: Comparison of our pDSM-Spline model against global canopy height products for the year 2020
using ALS reference data. Only the spatially held-out regions were used. he dashed line indicates the
1:1 relationship and the red line shows the linear regression fit. The color scale indicates the number of
observations per hexagonal bin and is shared across all panels
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Table A2: Pooled absolute RMSE by canopy height bin for the four canopy height models. RMSE is reported
in metres.

Height bin [m] GEDI-Composite GEDI-Spline pDSM-Composite pDSM-Spline

0-2 7.467 6.520 2.242 1.728
24 9.588 8.579 3.543 2.681
4-6 9.227 8.320 4.107 2.927
6-8 9.013 8.020 4.612 3.142
8-10 8.791 7.722 4.910 3.310
10-12 8.402 7.359 5.019 3.414
12-14 7.725 6.781 4.912 3.366
14-16 6.782 6.059 4.561 3.167
16-18 5.923 5.376 4.189 3.004
18-20 5.215 4.800 3.897 2.937
20-22 4.600 4.263 3.629 2.918
22-24 4.143 3.846 3.483 2.927
24-26 3.928 3.629 3.469 2.987
26-28 3.963 3.620 3.520 3.043
28-30 4.319 3.868 3.694 3.167
30-32 4.934 4.411 4.012 3.402
32-34 5.655 5.104 4.444 3.703
34-36 6.433 5.909 5.070 4.134
36-38 7.318 6.880 5.908 4.738
38-40 8.461 7.972 6.959 5.489

Table A3: Pooled relative RMSE by canopy height bin for the four canopy height models. Relative RMSE
is reported as percentage relative to the reference canopy height.

Height bin [m] GEDI-Composite GEDI-Spline pDSM-Composite pDSM-Spline

0-2 899.8 785.7 270.2 208.2

2-4 318.9 285.4 117.9 89.2
4-6 183.4 165.4 81.6 58.2

6-8 128.3 114.2 65.7 44.7
8-10 97.5 85.6 54.4 36.7
10-12 76.2 66.7 45.5 31.0
12-14 59.2 52.0 37.7 25.8
14-16 45.1 40.2 30.3 21.0
16-18 34.8 31.6 24.6 17.6
18-20 274 25.2 20.5 15.4
20-22 21.9 20.3 17.3 13.9
22-24 18.0 16.7 15.2 12.7
24-26 15.7 14.5 13.9 12.0
26-28 14.7 13.4 13.0 11.3
28-30 14.9 13.4 12.8 10.9
30-32 15.9 14.3 13.0 11.0
32-34 17.2 15.5 13.5 11.2
34-36 18.4 16.9 14.5 11.8
36-38 19.8 18.7 16.0 12.9
3840 21.8 20.5 17.9 14.1
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Figure A4: RMSE distribution comparison for the pDSM-Spline, Pauls 2026, Tolan 2024 and Lang 2023
canopy height models. Grey Bars correspond to the overall proportion of validation pixels within each bin.
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Figure A5: Visual comparison of different global canopy height maps and our pDSM-Spline model. The left
row shows 2020 and 2021 orthophotos for context.
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