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ARTICLE INFO ABSTRACT

Keywords: Machine learning models are increasingly used to correct the vertical biases (mainly due to vegetation
Topography and buildings) in global Digital Elevation Models (DEMs), for downstream applications which need “bare
Explainability earth" elevations. The predictive accuracy of these models has improved significantly as more flexible model
Interpretability architectures are developed and new explanatory datasets produced, leading to the recent release of three
)S(II—?LP model-corrected DEMs (FABDEM, DiluviumDEM and FathomDEM). However, there has been relatively little
Ensemble focus so far on explaining or interrogating these models, especially important in this context given their
downstream impact on many other applications (including natural hazard simulations). In this study we train
five separate models (by land cover environment) to correct vertical biases in the Copernicus DEM and then
explain them using SHapley Additive exPlanation (SHAP) values. Comparing the models, we find significant
variation in terms of the specific input variables selected and their relative importance, suggesting that an
ensemble of models (specialising by land cover) is likely preferable to a general model applied everywhere.
Visualising the patterns learned by the models (using SHAP dependence plots) provides further insights,
building confidence in some cases (where patterns are consistent with domain knowledge and past studies)
and highlighting potentially problematic variables in others (such as proxy relationships which may not apply
in new application sites). Our results have implications for future DEM error prediction studies, particularly
in evaluating a very wide range of potential input variables (160 candidates) drawn from topographic,

multispectral, Synthetic Aperture Radar, vegetation, climate and urbanisation datasets.
1. Introduction such as canopy heights and slope) (Okolie et al., 2024a). This ini-
tially focused on vertical errors due to vegetation (Baugh et al., 2013;
Accurate topography datasets estimating “bare earth” ground ele- O’Loughlin et al., 2016) (taking advantage of early forest canopy height
vations are crucial inputs to a wide range of geoscience applications, maps produced by Lefsky (2010) and Simard et al. (2011)), and sensor
including natural hazard modelling (Sampson et al., 2015; Brock et al., motion/alignment or data processing issues (Yamazaki et al., 2017).
2020), above-ground biomass mapping (Dubayah et al., 2020) and  These early models tended to be relatively simple (e.g. linear regression

ecological simulations (Moudry et al., 2018). Airborne laser altimetry
(LiDAR) surveys are ideal (Hancock et al., 2021) but coverage remains
limited due to their high cost (Pronk et al.,, 2024). In many parts
of the world, the only options are the free, global Digital Elevation
Models (DEMs) derived from spaceborne sensors, such as the widely-
used SRTM DEM (Farr et al., 2007) and the more recent Copernicus
DEM (Fahrland et al., 2022). However, these suffer from well-known
vertical accuracy issues relating to an inability to penetrate vegetation

canopies (Brown et al., 2010; Martone et al., 2012) and resolve steep . . .
slopes (Liu et al., 2019; Li et al., 2022) some cases having millions of learnable parameters), meaning they are

better able to represent non-linear patterns and take advantage of large
data volumes (Qiu et al., 2022), and have proven to be more effective

and look-up tables), achieving only modest prediction performance but
having the advantage of being easy to understand and interrogate.
More recently, a variety of machine learning algorithms have been
trialled, including artificial neural networks (Wendi et al., 2016; Kulp
and Strauss, 2018), random forests (Chen et al., 2020; Hawker et al.,
2022), convolutional neural networks (Meadows and Wilson, 2021;
Nguyen et al., 2022) and gradient tree boosting (Dusseau et al., 2023;
Okolie et al., 2024a). These models are significantly more flexible (in

Given that these vertical errors are at least partially dependent on
the local land cover and terrain conditions, there has been a sustained - .
research effort to develop correction models (using relevant datasets in predicting DEM errors.
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However, this increased predictive power has come at the expense
of model explainability or interpretability. In other words, it is difficult
to understand the patterns these models have learned in order to
verify whether they make sense or may fail under certain edge cases
(i.e. making predictions beyond the input data distributions encoun-
tered during training). This is an important consideration if model
outputs are to be used in real-world applications potentially affecting
people’s lives or livelihoods (such as natural hazard modelling) —
especially pertinent now, given the recent release of three machine
learning model-corrected DEMs: FABDEM (random forest, global cov-
erage) (Hawker et al., 2022), DiluviumDEM (gradient tree boosting,
coastal zones only) (Dusseau et al., 2023), and FathomDEM (hybrid
vision transformer, global coverage) (Uhe et al., 2025).

In past studies using machine learning to predict DEM errors, any
discussion of model explainability has generally been limited to re-
porting input variable importance scores (Liu et al., 2021; Li et al,,
2023a,b; Chen et al., 2024), providing insight into which variables the
models relied on most but not their influence on predictions. Okolie
et al. (2024a) recently went a step further, presenting partial depen-
dence plots (Hastie et al., 2009) for the highest-ranked input variables,
showing how each variable influenced the model’s predictions. How-
ever, they considered only topographic input variables (i.e. nothing
related to land cover) and limited their scope to agricultural land in
Cape Town (South Africa). To the best of our knowledge, no study
has yet rigorously explored model explainability for a wide range of
potentially-relevant input variables (topographic, land cover, climate
and urban) or assessed how this might vary for different land cover
conditions.

In the research presented here, we use a diverse global dataset (65
sites) to train separate prediction models for different land cover group-
ings and then apply a state-of-the-art model explainability method —
SHapley Additive exPlanation (SHAP) values (Lundberg and Lee, 2017)
— to interrogate and compare them. Our primary objectives are to: (1)
assess input variable importance rankings and how these vary by land
cover, (2) where alternative datasets are available (e.g. we consider
three global forest canopy height maps), identify which is most useful,
and (3) demonstrate the value of evaluating the actual patterns learned
(using SHAP dependence plots). Our results will directly inform future
DEM error prediction studies by shortlisting and ranking input variables
(from a very large candidate set), distinguishing between different
training environments (by land cover) to provide extra nuance. More
generally, we aim to promote more rigorous interrogation and explana-
tion of the powerful but opaque machine learning models increasingly
relied on in many geoscientific fields, as a complement to the standard
performance evaluation.

2. Data and methods

2.1. Data processing

Data preparation for the modelling involved calculating maps of
DEM errors (using higher-accuracy reference topography data), col-
lating datasets representing potentially-relevant explanatory variables,
resampling these to match the DEM grid resolution and alignment, and
defining modelling subsets based on land cover and building footprints.
We addressed potential issues relating to spatial autocorrelation (Leg-
endre and Fortin, 1989; Ploton et al., 2020) by defining spatial blocks
for each study site (Roberts et al.,, 2017; Valavi et al., 2019), with
all subsequent sampling (for cross-validation and model evaluation)
made at the block level (rather than individual grid cells). This overall
workflow is summarised in Fig. 1 and each step is described in more
detail in the following sections.
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2.1.1. Target variable - DEM errors

Of the various global DEMs available, we selected the 1 arc-second
(~30 m) Copernicus DEM (GLO-30, DGED format), based on its cur-
rency (raw data collected in 2010-2015), independent accuracy as-
sessments suggesting relatively narrow error distributions (Meadows
et al.,, 2024; Bielski et al., 2024), and its use as the basis for the
FABDEM product (providing a useful reference when evaluating our
model performance). To determine the vertical error affecting each
GLO-30 grid cell (taken here to mean its deviation from the bare earth
ground elevation), higher-accuracy terrain elevation data are needed.

For this, we collated 65 Digital Terrain Models (DTMs) derived
from airborne laser altimetry (LiDAR) surveys in diverse environments
around the world (Fig. 2 and Table S1, Supplementary Material). We
processed these to match the GLO-30 grid alignment and vertical
datum (EGM2008), and then calculated grids of vertical error values
by subtracting reference DTM values from GLO-30 (such that positive
errors result where GLO-30 is above the true ground surface). These
vertical error values are the prediction target for the machine learning
models developed and explained in later stages.

2.1.2. Input variables - explanatory factors

Preparing input variable data involved three steps: (1) identifying
potentially-relevant variables (based on a survey of the literature), (2)
collating global datasets representing those variables, and (3) resam-
pling all candidate datasets to align with the GLO-30 grid. In the first
step, our literature review considered previous modelling studies (Ola-
jubu et al., 2021; Hawker et al., 2022; Pimenova et al., 2022; Li et al.,
2023a,b; Dusseau et al., 2023; Chen et al., 2024; Okolie et al., 2024a)
as well as general assessments of DEM error distributions (Wessel
et al., 2018; Hawker et al., 2019; Uuemaa et al., 2020; Li et al., 2022;
Trevisani et al., 2023; Okolie et al., 2024c; Meadows et al., 2024;
Bielski et al., 2024; Guth et al., 2024). This resulted in six broad groups
of candidate variables: topography, vegetation, climate, urbanisation,
multispectral imagery and Synthetic Aperture Radar (SAR). Note that
we considered studies looking at the SRTM/NASADEM DEMs too, since
they are based on the same remote sensing approach (Interferometric
Synthetic Aperture Radar) as GLO-30 (albeit using a different radar
wavelength band).

In the second step, we surveyed freely-available datasets represent-
ing each of the shortlisted variables, with three criteria in mind: global
(or near-global) coverage, grid spacing (no coarser than 1 km, climate
variables excepted) and temporal relevance (as close as possible to
the GLO-30 data collection period: Dec 2010 to Jan 2015). Satisfying
this third criterion often involved a trade-off: widening the temporal
window increased data availability (allowing coverage across all sites)
but made the resulting dataset less representative of conditions at the
time of the GLO-30 data collection.

All candidate datasets eventually considered are briefly summarised
in Table 1. More detailed descriptions of each dataset and its pro-
cessing are provided in Table S2 and Text S1 (Supplementary Mate-
rials), including the temporal adjustment made to the canopy coverage
map (Hansen et al.,, 2013) and the modified cloud mask used for
the Landsat multispectral imagery. We note also that some of the
specific datasets considered here have not yet been evaluated for
DEM error prediction (to the best of our knowledge), including new
global maps of forest canopy heights (Tolan et al., 2024), building
heights (Pesaresi and Politis, 2023), and SAR backscatter intensity from
PALSAR-2 (Shimada et al., 2014).

Clearly, many of these datasets — especially alternative products
for the same variable — are likely to be highly correlated, with an
obvious example being the three global DEMs (GLO-30, NASADEM and
AW3D30). Our rationale for including all of these initially is that the
machine learning algorithm used here — XGBoost (Chen and Guestrin,
2016), a gradient tree boosting model — is robust to multicollinearity
in terms of predictive performance (Climent et al.,, 2019), and we
speculate that alternative datasets (even if highly correlated) may
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1. Process input datasets

Target variable __“-;’;
o GLO-30 vertical errors =

Candidate input variables (160)

« DEM elevations, derivatives (71)

« Tree canopy height, coverage (5)

« Building footprints, height (9)
Multispectral imagery, indices (28)
SAR backscatter intensity (26)
Night-time light (10)

Population density (1)
Precipitation, temperature (10)

2. Define modelling subsets

CGLS-LC100 land cover, 2015
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land cover & building footprints
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3. Assess spatial autocorrelation

For each study site, consider each
modelling subset present: extract the
corresponding GLO-30 errors, assess
spatial autocorrelation between them
(using variograms) and estimate effective
range (fit theoretical models to empirical
semivariance). Select the maximum
range estimated over all subsets in site.

4. Define spatial blocks

Based on the maximum effective range
estimated in each site (across all
modelling subsets present there), define
spatial blocks for the allocation of
train/test/validation datasets.

Enforce a minimum block size (1,225 m,
the median of effective ranges estimated
across all site-subset combinations) and
impose a buffer zone between blocks
(10 grid cells wide).
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Fig. 1. Data processing workflow, with values in parentheses (under step 1) denoting the number of input variables processed in each category.
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Fig. 2. Study site locations and coverage distributions according to climate zone (Beck et al., 2018), degree of urbanisation (Schiavina et al., 2023b), land cover class (Buchhorn

et al., 2020), and slope class (derived from the reference DTMs).

provide some useful local nuance. These three global DEMs are derived
from different sensing systems — X-band radar (GLO-30), C-band radar
(NASADEM) and stereoscopic imagery (AW3D30) — and may each be
preferred in specific contexts (e.g. NASADEM appears to resolve ground
elevations under closed forest better than the other two; Meadows
et al., 2024).

Correlated variables do pose challenges when it comes to model
explainability though — potentially sharing variable importance credit
amongst them, misrepresenting their actual importance (Basu and Maji,
2022) and complicating the calculation of Shapley values (Aas et al.,
2021). We address this by developing a set of simplified models (with

the most informationally-redundant input variables removed), support-
ing more clear explainability insights while still enabling an assessment
of the potential value of using similar variables to provide local nuance.

The third step in data processing was to resample all input datasets
to align with the 1 arc-second GLO-30 grid. Most datasets represented a
single point/period in time, such that resampling was only required in
the spatial dimension (taking the mean for higher-resolution datasets
and using bilinear interpolation elsewhere). For datasets with multiple
time-steps available (multispectral imagery, SAR backscatter intensity,
climate variables and night-time light), we resampled along the tem-
poral dimension too (taking the median value for datasets potentially
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Table 1
Summary of global datasets from which our candidate input variables were derived.
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Dataset

Ref.

Copernicus DEM, v2022 (elevations, quality layers?, derivatives”)
NASADEM, v1 (elevations)
ALOS World 3D 30 m, AW3D30, v4.0 (elevations)

Landsat 5 ETM, 7 ETM+, 8 OLI/TIRS, merged (surface reflectance, surface
temperature, spectral indices)

Sentinel-1 Synthetic Aperture Radar (backscatter intensity, VV & VH)
PALSAR-2 ScanSAR Level 2.2 (backscatter intensity, HH & HV)
PALSAR-2 Yearly Mosaic, v2 (backscatter intensity, HH & HV)

Global Forest Canopy Height, 2019, GLAD (forest canopy heights)
High resolution canopy height model, v1, ETH (forest canopy heights)
High Resolution Canopy Height Maps, Meta (forest canopy heights)
Global Forest Change, v1.10 (forest cover and gain/loss information)
Monthly DNB Composites, v1 (night-time light radiance)

Black Marble, VNP46A2 (night-time light radiance)

Global Human Settlement Layer, R2023A: Building Height

Global Human Settlement Layer, R2023A: Built-up Surface

Global Human Settlement Layer, R2023A: Population

World Settlement Footprint 2015, v2 (human settlement mask)

World Settlement Footprint 3D (building area, volume, height, fraction)
ERAS5-Land Monthly Aggregated (precipitation, temperature)

TerraClimate (precipitation, temperature)

Fahrland et al. (2022)
Crippen et al. (2016)

Tadono et al. (2016)

NA

NA

NA

Shimada et al. (2014)
Potapov et al. (2021)
Lang et al. (2023)

Tolan et al. (2024)
Hansen et al. (2013)
Elvidge et al. (2021)
Roman et al. (2018)
Pesaresi and Politis (2023)
Pesaresi (2023)

Schiavina et al. (2023a)
Marconcini et al. (2020)
Esch et al. (2022)
Muifoz-Sabater et al. (2021)
Abatzoglou et al. (2018)

2 Supplementary rasters provided with each Copernicus DEM tile: Editing Mask (EDM), Filling Mask (FLM), Height Error

Mask (HEM), Water Body Mask (WBM).

b Evaluated using WhiteboxTools (Lindsay, 2016), v2.3.6: slope, aspect, minimum, maximum, percentile, Topographic
Position Index (TPI), Terrain Ruggedness Index (TRI), Vector Ruggedness Measure (VRM), Average Normal Vector Angular

Deviation (ANVAD), Total Curvature (TC).

subject to outliers, such as surface reflectance, and the mean other-
wise). Finally, this stack of spatially-aligned grids was converted to a
tabular format (each row representing a particular GLO-30 grid cell)
for input to the machine learning models.

2.1.3. Defining modelling subsets based on land cover and building foot-
prints

Our objective is a comparative explanation of error prediction
models trained on different subsets of the available data, filtered
on the basis of land cover. For this, we use the 100 m resolution
land cover map from the Copernicus Global Land Service (version
3, 2015 epoch) (Buchhorn et al., 2020), based on its verified accu-
racy (Tsendbazar et al., 2021) and temporal relevance to GLO-30.
Grouping individual land cover classes together, we define five subsets:
Bare (“Bare/sparse vegetation”), Buildings (“Urban/built up” cells
which intersect with building footprints; Marconcini et al., 2020),
Short Vegetation (“Shrubs”, “Herbaceous vegetation”, “Cultivated and
managed vegetation/agriculture” and ‘“Herbaceous wetland”), Open
Forest (all six “Open forest” classes) and Closed Forest (all six “Closed
forest” classes). To avoid mixed land cover classes, we exclude grid
cells along the edges of each modelling subset, as indicated in Fig. 1.

2.1.4. Accounting for spatial autocorrelation

At various stages of machine learning model development (variable
selection, hyperparameter tuning and performance evaluation), the
full dataset is split into training and validation/testing sets. A key
assumption here is that these separate samples are independent of each
other (Roberts et al., 2017). This requires careful consideration when
working with geospatial data due to spatial autocorrelation, whereby
locations near each other will tend to be more closely related than
locations further apart (Tobler, 1970; Legendre and Fortin, 1989). If
a purely random split of individual data points (best practice in many
machine learning applications) is used with spatial data, this is likely to
result in training and validation/testing points being spatially adjacent

(and thus at least somewhat related) to each other (Karasiak et al.,
2022).

If present and not accounted for, this spatial dependency between
training and validation/test samples results in significant overestimates
of the model’s predictive performance (Schratz et al., 2019; Ploton
et al., 2020) and compromises model inference (Le Rest et al., 2014;
Roberts et al.,, 2017). Various methods to address this have been
proposed (Telford and Birks, 2009; Brenning, 2012; Roberts et al.,
2017), with the common objective of spatially separating train and
test data. We adopt the spatial blocking approach outlined by Roberts
et al. (2017) and illustrated in Fig. 1. For each study site (i.e. reference
DTM extent), we define a grid of regular blocks and systematically
allocate (Valavi et al., 2019) a quarter of these as test data (unseen
during model training and used to evaluate final models later).

The spatial block size appropriate to each study site is estimated
by calculating variograms for our target variable (GLO-30 errors), as
recommended in the literature (e.g. Valavi et al., 2019; Ploton et al.,
2020). Following Hawker et al. (2018), we calculate separate vari-
ograms for each modelling subset present in each study site: filtering
the site’s GLO-30 error grid by the selected subset, fitting a theoretical
model to the empirical semivariance, and extracting the effective range
(the distance at which spatial autocorrelation tapers off). Variograms
are calculated using the SciKit-GStat Python package (version
1.0.16) (Malicke, 2022), assuming stationarity and isotropy for sim-
plicity, as done in many previous studies of DEM error patterns (e.g.
Hawker et al., 2018, 2019). To ensure spatial blocks large enough
to mitigate spatial autocorrelation (Roberts et al.,, 2017) in a given
site, we specify block size based on the maximum range estimated
across all subsets present there, as well as enforcing a minimum block
size (1225 m, the median range across all site-subset combinations).
Furthermore, we impose buffer zones (ten grid cells wide) between all
generated blocks to increase the spatial separation of samples (Valavi
et al., 2019).
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2.2. Predictive model development

We used a specific gradient tree boosting algorithm — XGBoost (Chen
and Guestrin, 2016) — for all predictive modelling, training for each
land cover-based subset a “full” model (using most of the input vari-
ables found to be relevant) and a “simple” model (with the most
redundant variables removed). The following sections explain each
model development step in more detail.

2.2.1. Choice of machine learning algorithm

We selected XGBoost (Chen and Guestrin, 2016) for the following
reasons: state-of-the-art performance on many tabular data problems,
relatively fast compared with more complex models, robustness to
overfitting, native handling of missing data, and capacity to capture
non-linear patterns and variable interaction effects (Chen and Guestrin,
2016; Bentéjac et al., 2021; Qiu et al., 2022). Briefly, gradient tree
boosting algorithms such as XGBoost use a sequential ensemble of shal-
low decision trees (so-called “weak learners”), in which each new tree
learns to address the error residuals left by previous trees (Natekin and
Knoll, 2013). For further details, interested readers are referred to Ben-
téjac et al. (2021) (for gradient boosted trees in general) and Chen and
Guestrin (2016) (for XGBoost in particular).

2.2.2. Developing initial models using all relevant input variables

For each of the five modelling subsets defined above (based on
land cover), we started by training an initial model (using all relevant
input variables) in three steps: (1) filter available training data (as
defined using spatial blocks) by the corresponding land cover group,
(2) identify all input variables relevant to this subset using the pow—
ershap Python package (Verhaeghe et al., 2023) (version 0.0.11),
and (3) tune XGBoost hyperparameters using the hyperopt Python
package (Bergstra et al., 2013) (version 0.2.7). The latter two steps are
explained in more detail below.

The powershap algorithm is an all-relevant variable selection
approach built around the intuition that a relevant variable should have
a larger influence on model predictions than a randomly-generated
variable. Over a series of iterations (we used 500 for each subset), a
new XGBoost model is trained on a different random sample drawn
from the training block data, each time adding a new randomly-
generated input variable. Looking at all iterations, the distribution
of influence values for each genuine variable is then compared with
the average influence of all randomly-generated variables, to judge
their relevance. As the name suggests, powershap relies on SHap-
ley Additive eXplanation (SHAP) values (Lundberg and Lee, 2017) to
quantify influence, aligning with our model explainability approach
(Section 2.4). We note that powershap selects all relevant vari-
ables, including correlated/redundant ones, which we address in the
following section.

Selecting appropriate model hyperparameters (which are not
learned during training and must be specified in advance) can have sig-
nificant impacts on model performance (Schratz et al., 2019). We used
hyperopt - a Bayesian optimisation algorithm — to search across pre-
defined distributions for six XGBoost hyperparameters (max_depth,
subsample, colsample_bynode, gamma, lambda and eta). This
iterative process initially samples randomly from those distributions
but as the process continues, past results and Bayesian methods in-
creasingly inform the next values tested (Bergstra et al., 2013). In each
iteration, we evaluate the sampled hyperparameter values using a 5-
fold cross-validation (with fold allocations made on the basis of training
blocks only).
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2.2.3. Extracting simplified models by eliminating redundant variables

Starting with the initial models trained above (containing all rel-
evant variables), we then identify and remove redundant variables
to derive two models for each subset: a “full” model (only the most
redundant variables are removed) and a smaller “simple” model (for
which we remove even moderately redundant variables). Our main
focus in this study is on the “simple” models (better suited to in-
ference and explanation), with the “full” models used only to check
the performance penalty incurred by using the smaller subset of input
variables. To estimate variable redundancy, we use the novel “super-
vised distance” metric proposed by Qiu et al. (2022) and follow the
recursive elimination process outlined in their study, in which the least
informative of two redundant variables is dropped in each iteration.

The supervised distance metric quantifies how similar two variables
are in terms of their contribution towards a specific prediction task (Qiu
et al., 2022). As implemented in the shap Python package (Lundberg
et al., 2020), this involves training a single-variable XGBoost model
(using the first variable) to predict the target (GLO-30 errors, in our
case) and then a second single-variable model (using the second vari-
able) to predict the output of the first model. This is repeated for the
converse case, after which the supervised distance is calculated (as a
function of the coefficients of determination for each set of predictions),
with equations and further details available in Qiu et al. (2022). The
final output of this step is a matrix of pairwise supervised distances (for
all variable pairs), which scale roughly from 0 (variables are perfectly
redundant) to 1 (variables are completely independent).

Following Qiu et al. (2022), we then run a recursive variable elim-
ination process, progressively reducing the number of input variables
from all of those initially selected by powershap to one. In each itera-
tion, the most redundant remaining variable pair is identified (using the
supervised distance matrix calculated above) and the least influential of
these is removed (judged by mean absolute SHAP values, recalculated
after each iteration). Model performance is evaluated throughout using
a withheld subset of training blocks (20%), to support later decisions
about model simplification.

Given that the “simple” models use a much smaller subset of input
variables than the initial models tuned above, we retune model hyper-
parameters (following the same process outlined in Section 2.2.2) to
ensure that the simplified models’ performance is not compromised by
sub-optimal hyperparameters. Tuned hyperparameter values for each
subset model are provided in Table S3 (Supplementary Material).

2.3. Evaluating model performance

To evaluate the performance of each model, we use its predictions
to correct GLO-30 errors in the spatial blocks allocated for testing.
The corrected error distributions can then be compared directly with
error distributions for both GLO-30 (before correction) and FABDEM
(itself based on modelled corrections to GLO-30, providing a relevant
and independently validated reference standard; Bielski et al., 2024).
These comparisons are made using histograms (showing the full error
distributions) and appropriate error metrics.

For this, we chose three recommended in the literature: Root
Mean Square Error (RMSE), 90th percentile of absolute error values
(LE90), and Median Absolute Deviation (MAD), with equations given
below. The commonly-used RMSE enables comparisons with past stud-
ies (Okolie et al., 2024c), LE9O focuses on the largest errors, and MAD
indicates the distribution spread without making any assumptions as to
its form (Hohle and Hohle, 2009).

lﬂ
MSE = | - ) 4h? 1
RMS ‘n; l M

LE9O = Py, (|4h;]) (2)

MAD = median(|4h; — myy, |) 3

where Ah; is the vertical error for a given grid cell i (GLO-30 elevation
minus reference DTM elevation), my, is the median of these error
values, and Py,(|4h;|) is a percentile of the absolute error values.
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2.4. Explaining models using SHapley Additive exPlanation (SHAP) values

Derived from cooperative game theory (Shapley, 1953), SHapley
Additive exPlanation (SHAP) (Lundberg and Lee, 2017) is a method for
explaining model predictions for individual data points (GLO-30 grid
cells, in this case), in terms of the contribution made to that prediction
by each input variable. These local explanations can also be aggregated
in different ways to provide fine-grained global summaries across the
full range of input variable values. Those most relevant to our study
are the SHAP summary plots (beeswarm visualisations showing the
magnitude, frequency and direction of each variable’s effects) and de-
pendence plots (scatter plots of a given variable’s values versus effects,
optionally showing interaction effects for a second variable) (Lundberg
et al., 2020).

We compute SHAP values using the TreeSHAP algorithm, optimised
by Lundberg et al. (2020) for tree-based models and implemented
in the shap Python package (version 0.45.1). As recommended in
the literature (Janzing et al.,, 2020; Chen et al., 2023), we use the
interventional (rather than path-dependent) method, which requires
the provision of two datasets: background (used to compute marginal
expectations) and foreground (specific predictions to be explained). To
achieve reasonable computation times, we use samples for each: 5000
rows of the training data (background) and 10,000 rows of the test data
(foreground), consistent with past studies (Qiu et al., 2022).

As noted above, we focus on explaining the “simple” models, given
the explainability challenges involved when there are highly-correlated
input variables present (Basu and Maji, 2022; Aas et al., 2021). By
default, variable importance rankings are based on mean absolute
SHAP values but Okeson et al. (2021) have shown that relying on a
single statistic for ranking may mask other useful insights. For a better
understanding of variable importance, they recommend considering
additional statistics, two of which are adopted here. These are the
“typical range” (difference between 5th and 95th percentiles), which
highlights variables which are very important for at least some data
points, and the frequency in the top three (proportion of data points
for which a given variable is ranked in the top three).

3. Results
3.1. Simplifying models by eliminating redundant or spurious variables

The results of the recursive variable elimination are shown in Fig.
3. For each modelling subset, we begin with all input variables found
to be relevant (left edge of plots) and then progressively remove redun-
dant variables (moving from left to right). At each step, we track the
minimum supervised distance between the remaining input variables
(primary y-axis) and the simplified model’s performance on a withheld
set of training blocks (validation RMSE, secondary y-axis).

For each subset, we extract smaller sets of variables for “full” and
“simple” models by min-max normalising the validation RMSE values
across all iterations, such that they range between 0 (representing the
lowest validation RMSE) and 1 (the highest validation RMSE, associated
with the univariate model), and then selecting the smallest variable sets
for which the normalised RMSE is less than 0.01 and 0.1 (respectively).
As summarised by annotations in Fig. 3, this significantly reduces the
number of input variables used (with “simple” models relying on only
12-36 variables), without substantially degrading model performance
(less than 5% difference in validation RMSE reduction rates, across all
subsets).

Based on an analysis of preliminary SHAP dependence plots, we
also identified and removed nine potentially problematic variables from
those shortlisted above. For all of these (either climate variables or
counts of SAR images available by grid cell), variation between sites
was significantly larger than within individual sites, meaning they
could function as proxy variables identifying specific sites. While some
of these variables appeared important (based on SHAP values), there
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was no discernible pattern to their dependence plots (see Figure S1 for
examples). We speculate that they may have provided a “learning short-
cut”, allowing the model to memorise local biases for each study site
(e.g. processing artefacts from vertical datum conversion) that would
likely be spurious if applied to new sites. Removing these variables
simplified the models further (11-32 variables).

3.2. Evaluating model performance (full and simple)

To evaluate model performance (on the withheld test blocks), Fig. 4
compares four distributions of vertical errors: GLO-30 before correction
(magenta lines), after correction using predictions made by the “full”
(light orange) and “simple” (dark orange) models, and FABDEM (teal).
These vertical error distributions are summarised using histograms (left
column) and by the relative change in error metrics, with reference to
the original GLO-30 errors (right column). Our models performed well
for all subsets (as shown by corrected error distributions more tightly
centred around zero and significant reductions in error metrics), with
only minor differences observed between the “full” (42-111 variables)
and “simple” (11-32 variables) models.

3.3. Variable importance based on SHAP values

Fig. 5 summarises variable ranks for all shortlisted input vari-
ables (along y-axis) and the five modelling subsets considered (main
columns), evaluated according to the three ranking metrics discussed
in Section 2.4 (sub-columns). While some variables are consistently
important across all models (especially topography derivatives), the
overall impression is of significant variation between models in terms
of the number of variables used (the “Bare” model is especially simple),
the specific variables selected, and their relative importance across
models. For example, the Bare Soil Index (BSI) was very important in
the “Short Vegetation” and “Open Forest” models (where the distinc-
tion between vegetation and bare soil is especially informative), but not
selected at all in the other models.

Fig. 6 uses beeswarm plots to provide more detail on the most
important variables in each subset model (ranked by mean absolute
SHAP value). Each dot in a given beeswarm represents a single data
point (GLO-30 grid cell), showing the relative value of the selected
input variable (by colour) and its impact on the final prediction made
for this grid cell (by its position on the x-axis). This is a more informa-
tive reference than a standard variable importance bar chart, providing
first indications of the form and strength of learned patterns (based on
the direction and consistency of the horizontal colour gradient) and
the distribution of SHAP values. For a specific example, consider the
top-ranked variable (Bare Soil Index) in the “Short Vegetation” model
(Fig. 6¢), where we find evidence of a negative relationship with SHAP
values. Blue points are low BSI values (i.e. higher vegetation cover) and
are associated with large positive contributions to predicted error (to
the right along the x-axis). On the other hand, pink points (high BSI
values, more likely to be exposed soil) are clustered over a relatively
narrow range of small, negative SHAP values, indicating lower-than-
average predicted errors for those cells (as would be expected in
relatively bare ground).

Continuing the high-level overview, Fig. 7 shows the relative impor-
tance of different variable categories (rather than individual variables)
and of spatial neighbourhood sizes (used when calculating certain
topographical derivatives, ranging from 3 x 3 to 21 x 21 grid cells).
Comparing the relative importance of variable categories (by total
mean absolute SHAP values) across all modelling subsets (Fig. 7a)
reveals that some categories are consistently important (especially to-
pography and multispectral) while others are relevant only in particular
environments (e.g. urbanisation variables in the “Buildings” model).
To evaluate the relative importance of the spatial extent used when
processing topographical derivatives (Fig. 7b), we show total mean ab-
solute SHAP values (by neighbourhood size) and calculate a weighted-
average neighbourhood size for each modelling subset (weighted by
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horizontal pink bar.

the mean absolute SHAP values). As might be expected, most models
clearly benefit from spatial context derived from a combination of small
and large neighbourhoods (grid dimensions of 3-7 and 21 cells, respec-
tively), except for the “Bare” model (for which there was apparently
limited value in looking further afield than a 7x7 neighbourhood).

3.4. SHAP dependence plots for selected variables

SHAP dependence plots (Fig. 8) show the relationship between
the values of a selected variable (x-axis) and the corresponding SHAP
values (y-axis), revealing how that variable influences the model’s
predictions. This influence is expressed with reference to the model’s
baseline (the mean prediction over its background sample), with posi-
tive SHAP values contributing to a larger-than-average prediction and
vice versa. Vertically dispersed points (i.e. where the same variable
value can have different impacts) reveal interaction effects with other
variables. These can be explored visually by colouring points based

on the value of a second input variable, providing further insights.
In interpreting these plots, note that grey histograms along the x-
axis show variable data distributions, horizontal ticks along the y-axis
indicate grid cells for which the selected input variable was missing,
and that the interaction variable visualised (by colour) in each plot is
denoted in the colourbar label.

To demonstrate the value of these dependence plots, we present a
small selection in Fig. 8, focusing on the two “Forest” models (where
vertical errors are largest) and the “Buildings” model (most relevant to
downstream applications involving human populations). These exem-
plify a variety of learned patterns (expected, surprising and problem-
atic) and include some variables identified as important in past models,
such as elevation and terrain aspect. (For a more systematic overview,
dependence plots for the 12 highest-ranked variables in each model are
provided in Figures S2-S6.)

The learned patterns visualised in Fig. 8 take many forms and vary
in their complexity. Some are mostly linear, as for the Bare Soil Index
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Fig. 4. Vertical error distributions (left column) for GLO-30 before and after correction (by our two models and FABDEM) and relative change in three selected error metrics

(right column) to visualise the magnitude of improvements made.

(b) and neighbourhood elevation percentile (i) variables, noting strong
interaction effects in the latter case (vertical colour gradients). Others
are non-linear but monotonic, as seen for the Height Error Map (f)
and the two SAR variables (g-h). Even more complex relationships

were learned: roughly parabolic for the Normalised Difference Built-
up Index (c), sinusoidal for terrain aspect (e), and increasing rapidly
before returning to an asymptote of zero for elevation (c). Variables
for which no clear pattern could be discerned (e.g. a) may relate to
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Fig. 7. Relative importance of variable categories (top row) and neighbourhood size (ranging from 3 x 3 to 21 x 21 grid cells) used when calculating topographical derivatives
(bottom row), for all modelling subsets (by column). Bars represent the sum of mean absolute SHAP values for selected variables of a given category (top) or neighbourhood size
(bottom, topographical derivatives only), with annotations providing the number of variables represented by each bar (also indicated by bar subdivisions). Note: hatched bars in
the upper subplots indicate the Height Error Map (HEM) quality layer provided with the Copernicus DEM, rather than an actual topography derivative.

“learning shortcuts” (as discussed in Section 3.1) and were removed
from the final models.

4. Discussion

4.1. Model performance

Key takeaways

+ Limited improvement for “Bare” subset (errors already low)

« Significant improvements made for all other subsets, reduc-
ing RMSE by 55-75% (“simple” models) or 62-79% (“full”
models)

+ Relatively small performance differences between “‘simple”
and “full” models (using 11-32 and 42-111 variables,
respectively)

Explaining a predictive model is only meaningful if it has learned
useful patterns relevant to new, independent test data (Roberts et al.,
2017). In the work presented in this paper, we evaluated all of our
models (“full” and “simple” versions for the five modelling subsets)
using corresponding data from the spatial blocks set aside for testing;
judging them against FABDEM as the current independently validated
gold standard (Bielski et al., 2024) (Fig. 4). Model performance was
generally good. With the exception of the “Bare” subset (where GLO-30
is already very accurate and not much further improvement could be
made), our “full” models reduced RMSE by 62%-79% and the “simple”
models by 55%-75% (surpassing the improvements made by FABDEM).

11

This is unsurprising given that our models are trained locally on very
similar data distributions (whereas FABDEM relied on global models
trained over a wider range of environments), but it does suggest that
our models have learned meaningful patterns worth explaining.

4.2. Differences in variable importance across subset models

Key takeaways

+ Subset models vary significantly (by number of variables
found relevant, specific variables selected and their relative
importance)

» Topographical and multispectral variables consistently im-
portant

+ Despite patchy coverage and limited use in past studies, SAR
variables clearly relevant

+ Neighbourhood elevation statistics always important but
optimal neighbourhood size varies by subset

Comparing the models trained on the five modelling subsets (“‘sim-
ple” models only), we found significant variation in the number of
input variables found to be relevant, the specific variables selected, and
the relative importance of these variables (Fig. 5). The most complex
models (29-32 variables) were for “Buildings” and the two “Forest”
subsets (where vertical errors are highest) and the simplest model
(11 variables) for “Bare” ground (where errors are already very low).
In terms of the specific variables selected, the greatest overlap was
observed between the two forest models (22 variables in common) and
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Fig. 8. Selected SHAP dependence plots for the “Closed Forest”, “Open Forest” and “Buildings” models (by column, with model baseline values annotated at the top), grouped
by category: problematic (a), multispectral (b—c), topography (d-f, i) and SAR (g-h). Each plot relates a specific input variable (x-axis) to its impact on the model’s prediction
(y-axis), with labels noting coverage (where incomplete) and points coloured to indicate interaction effects with a second input variable (see colourbar label), where relevant.

the least for the “Bare” and “Buildings” models (only five variables
in common). However, variable-level analysis is complicated by cases
where highly-correlated alternative datasets (e.g. three canopy height
maps; Potapov et al., 2021; Lang et al., 2023; Tolan et al., 2024) were
initially made available for selection.

To address this, we also evaluated importance by variable category
(Fig. 7, top row), finding that topographical and multispectral variables
were consistently important, while other categories varied somewhat
between the model subsets. Unsurprisingly, the derived global datasets
were most relevant in their target environments: the vegetation vari-
ables (forest canopy height and coverage) contributed most to the two
“Forest” models and urbanisation variables (building properties, night-
time light and population density) to the “Buildings” model. The clear
relevance of Synthetic Aperture Radar (SAR) data — despite patchy
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coverage — is noteworthy given they have not been widely used in DEM
error prediction studies to date.

For certain topographical derivatives, we initially provided the mod-
els with multiple versions evaluated over ten different neighbourhood
sizes (ranging from 3 x 3 to 21 x 21 grid cells), to see which extents
were most informative for each model (Fig. 7, bottom row). While most
models used a combination of small (3 x 3 to 7 x 7) and large (21 x 21)
extents, the balance was different across models. Looking at weighted-
average extents (weighted by mean absolute SHAP value, shown as
dotted lines in Fig. 7), we see the largest value for “Closed Forest” and
the smallest for “Bare” ground. This may relate to the obscuration or
availability of bare earth elevation references — where these are rare
(e.g. in dense forest), larger extents are needed, while much smaller
extents are sufficient where bare earth cells are common. These findings
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are relevant for future modelling efforts using spatially-structured data
inputs (such as Convolutional Neural Networks), although it seems
that even larger extents may be useful (four of our five models used
variables evaluated over a 21 x 21 neighbourhood, the largest we
considered).

4.3. Assessing fitted relationships across subset models

Key takeaways

« Patterns learned can be visualised using SHAP dependence
plots and assessed against known correlations or expected
causal factors

Some patterns match those previously derived from physical
principles (e.g. aspect dependency due to geolocation errors
Nuth and Kééb, 2011)

Other patterns make intuitive sense (e.g. lower predicted
errors where the Bare Soil Index is high in “Forests”,
indicating clearings)

Others initially surprising and may motivate future research
(e.g. importance of night-time light variation in identifying
tall buildings)

Care should be taken where variables may act as proxies
(for more directly-relevant factors) or relate to site-specific
biases (rather than general patterns), especially if models
will be applied elsewhere

Influence of SAR backscatter intensity may differ by wave-
length (L-band: vegetation canopy height/structure, C-band:
imaging geometry favourability), with further research
required

Going a step further than simply assigning importance scores, SHAP
dependence plots reveal the patterns learned for each variable (includ-
ing interaction effects with other variables). Assessing these patterns
with reference to expected causal mechanisms or well-established cor-
relations can help build trust in the model (where they seem grounded
in physical reality and likely to be valid in new sites) or to identify
potentially-problematic variables. The latter case includes proxy vari-
ables (correlated with variables which do have a direct relationship
but are not available to the model) and spurious patterns relating to
“learning shortcuts” taken by the model.

A potential example of such a spurious pattern is for the variable
providing counts of PALSAR-2 HH polarisation images available (Fig.
8a). This is evaluated by grid cell but is often constant across a
given study site, such that (sufficiently flexible) models might learn to
associate particular image counts with site-specific elevation biases. If
the modelling objective is simply to make predictions around the same
set of study sites, taking advantage of an arbitrary relationship such as
this may allow higher predictive accuracies. (This explains the selection
and apparent importance of these variables in the first place, given that
they were evaluated using withheld spatial blocks drawn from the same
set of sites, where that arbitrary relationship still applied.) On the other
hand, such relationships are problematic if the objective is prediction
in new sites (where those arbitrary relationships are unlikely to apply)
or model explanation (where our interest is in general patterns that
support improved models in the future).

In other cases, the learned patterns revealed by the dependence
plots make intuitive sense and provide some confidence in the model’s
generalisability. For example, the Bare Soil Index (BSI) has a negative,
mostly linear relationship with its SHAP values in the “Open Forest”
model (Fig. 8b). High BSI values indicate openings in the forest canopy,
where the bare ground could be detected more easily, and are associ-
ated with lower error predictions. As BSI reduces (increasing canopy
closure), SHAP values increase linearly (contributing to higher error
predictions), although this relationship weakens considerably below a
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BSI value of around —0.3, likely relating to spectral saturation over
dense forest (Gao et al., 2023).

The influence of the Normalised Difference Built-up Index (NDBI)
in the “Buildings” model (Fig. 8c) is more complicated, taking a U-
shaped form where larger errors are predicted when NDBI is either very
low (relating to urban vegetation, see interaction effect colouring) or
very high (dense urban centres). In between these two extremes, NDBI
values around zero result in slightly negative SHAP values (contribut-
ing to lower-than-average error predictions). Looking at their spatial
distribution, we found these grid cells were primarily roads and other
spaces between buildings (low vertical errors in GLO-30).

Given the relative importance of topographical variables and their
frequent use in past DEM error prediction studies, we selected four
for discussion here. Elevation itself has been identified as important
in many previous studies (e.g. Liu et al., 2021; Li et al., 2023a; Shen
et al., 2023; Okolie et al., 2024b; Chen et al., 2024), usually explained
with reference to higher elevations tending to have steeper slopes,
increased forest cover and/or reduced Ground Control Point (GCP)
availability (Liu et al., 2020; Nuth and Ka#b, 2011). Interestingly, we
found that elevation was only selected in our “Forest” models (ranking
first in “Closed Forest”, regardless of ranking metric), and not used at
all by the other models. This suggests that the relevance of elevation to
DEM errors relates more to forest canopies/structure than to slope or
GCP availability, with the caveat that steep slopes (although not high
elevations) are more common in forest than non-forest subsets (by a
factor of more than three, for slopes above 25° in our study sites).

Looking at the dependence plot for elevation in the “Closed Forest”
model (Fig. 8d), we found a particularly strong impact at very low
elevations (up to around 30 m above mean sea level), above which
SHAP values tend towards zero (i.e. minimal influence on the model’s
baseline value). Looking at other variables more directly relevant to
vertical error in forests (especially canopy heights, the Height Error
Map and cross-polarised SAR backscatter intensity), we found a similar
pattern (i.e. those variables also increase significantly with elevation
up to around 30 m before levelling off, see Figure S7). Based on this,
we venture that elevation may serve in this context as a parsimonious
proxy variable summarising the combined effects of numerous such
variables in one predictor and that it is particularly significant at low
elevations.

The next topographical variable considered here is aspect (the di-
rection that a terrain surface faces), one of only two input variables
to be selected in all models (the other being the Height Error Map,
considered next). Across all models, fitted relationships for aspect are
similar to that shown here for “Open Forest” (Fig. 8e) and match very
closely the sinusoidal pattern that would be expected where DEM raster
tiles suffer from geolocation errors (Nuth and Kédab, 2011). Consistent
with that explanation, the influence of aspect is most pronounced in
rough terrain (pink points), quantified here using the Average Normal
Vector Angular Deviation (ANVAD) (Lindsay et al., 2019). Interestingly,
previous analysis of these same sites found some evidence of small
geolocation offsets but this varied by site (Meadows et al., 2024), in
contrast to the consistent (albeit low-impact) pattern learned here by
all subset models.

The other input variable selected in all models is the Height Error
Map (HEM), one of the quality layers provided with the Coperni-
cus DEM. Note that “error” denotes here the standard deviation of
estimated elevations for each grid cell (relating to interferometric
coherence and geometrical considerations) (Fahrland et al., 2022);
distinct from our usage of the term in this study (difference with the
bare earth elevation). We found HEM to be particularly important in
the “Forest” models (where volume decorrelation of SAR signals is most
problematic; Martone et al., 2012), consistent with past work in similar
environments (MareSova et al., 2021). All models learned a pattern of
the form shown in Fig. 8f (“Buildings” model): SHAP values initially
increase rapidly, reach an inflection point at HEM values of around
0.5 m, and then gradually level off. Interestingly, the “Buildings” model
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pattern reveals a strong interaction effect with NDBI: for a given HEM
value, the influence on model predictions is greater for vegetated (low
NDBI) than built-up (high NDBI) grid cells. This is evident in the raw
data too (see Figure S8): vertical errors show no correlation at all
with HEM in “Bare” ground but increasingly positive correlations as
vegetation density/heights increase.

Also consistently important were variables expressing the elevation
of a given grid cell relative to those in its neighbourhood, such as the
Topographic Position Index (TPI) or as a percentile of neighbourhood
elevations (Elevation P, ). As would be expected, higher variable values
lead to higher SHAP values (i.e. cells elevated above their neighbours
are more likely to contain positive vertical errors) but strong interaction
effects are evident in all cases. For example, Fig. 8i shows the impact
of Elevation Py ,.,, (cell elevation as a percentile of all elevations in
its 21 x 21 grid neighbourhood) in the “Buildings” model. Especially
interesting here is the strong interaction effect with the standard de-
viation of monthly night-time light radiance (Elvidge et al., 2021), an
initially surprising finding. However, a recent study by Li et al. (2019)
in urban areas found that significant temporal variation in remotely-
sensed night-time light may be associated with tall buildings, which
obscure light sources on/near the surface for some satellite viewing
angles but not others.

The last two variables explored using dependence plots are mean
backscatter intensities derived from two Synthetic Aperture Radar
(SAR) missions. As noted previously, past studies on DEM error pre-
diction have rarely made use of SAR input variables (with two recent
exceptions; Dusseau et al., 2023; Uhe et al.,, 2025) but our results
suggest they can be informative. We considered two sources, differing
by radar wavelength and polarisation channels available: PALSAR-2
(L-band, 24.6 cm, HH and HV) and Sentinel-1 (C-band, 5.6 cm, VV
and VH). Given the side-looking imaging geometry used for SAR, data
captured on ascending and descending passes may differ significantly
(i.e. for the same surface/object, viewed from different angles), particu-
larly in steep terrain (Kellndorfer, 2019). For this reason, we considered
pass directions separately when preparing input variables.

Looking first at the influence of PALSAR-2 HV backscatter intensity
in the “Open Forest” model (Fig. 8h), we found that SHAP values
increase exponentially with backscatter intensity, as might be expected.
Due to its relatively long wavelength, the L-band PALSAR-2 radar is
able to penetrate most forest canopies, resulting in significant volume
scattering throughout the vertical canopy and strong cross-polarised
backscatter returns from forests (Saatchi, 2019). This is consistent with
the learned pattern shown in Fig. 8h — high PALSAR HV backscatter
is associated with tall/dense forest canopies, where GLO-30 contains
large positive errors (due to its use of a shorter-wavelength radar, less
able to penetrate forest canopies).

However, for the other cross-polarised signal shown here (Sentinel-1
VH in the “Closed Forest” model, Fig. 8g), a very different relation-
ship is learned: increasing VH backscatter intensity is associated with
decreasing SHAP values (especially in rough terrain). As a reminder,
Sentinel-1 uses a shorter radar wavelength (C-band, 5.6 cm), mean-
ing shallower penetration into forest canopies, presumably providing
less information about vegetation structure (Meyer, 2019). We were
therefore surprised that Sentinel-1 VH backscatter turned out to be
much more influential in the two “Forest” models than PALSAR-2 HV
backscatter (by ranking and the SHAP value ranges evident in Fig. 8).

Closer inspection suggests that this may relate to the imaging ge-
ometry considerations faced by side-looking SAR sensors, especially
over sloped terrain. Given similarities in radar wavelength and orbital
inclination, backscatter intensities from Sentinel-1 (5.6 cm, 98.2° incli-
nation) may contain information closely relevant to terrain-dependent
biases affecting the TanDEM-X SAR sensors (3.1 cm, 97.4° inclination),
from which GLO-30 was derived. We found that higher Sentinel-1
VH backscatter intensities are strongly associated with sensor-facing
slopes (see Figure S9), where SAR-derived elevations are generally most
accurate (Toutin, 2002; Shortridge and Messina, 2011), potentially
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explaining the negative SHAP values (lower-than-average vertical error
predictions). In other words, Sentinel-1 VH backscatter intensity may
function here as a proxy for favourable TanDEM-X imaging geometry:
high backscatter intensities are associated with sensor-facing slopes
that could be captured well by TanDEM-X too, resulting in relatively
low vertical errors. This explanation is consistent with the strong inter-
action effects observed in Fig. 8g for terrain roughness — Sentinel-1 VH
backscatter has only minor impacts on SHAP values in smooth terrain
(blue points) but becomes much more significant in rough terrain (pink
points).

However, this analysis is complicated by hemispheric differences in
the TanDEM-X data acquisitions and potential model bias introduced
by the imbalance in reference data availability (more LiDAR-derived
DTMs in the northern hemisphere). Following mission specifications,
the TanDEM-X satellites mapped the northern hemisphere on ascending
passes and the southern when descending (“nominal” acquisitions),
reversing this pattern towards the end of the mission for additional
coverage of challenging terrain from the opposite viewing geometry
(“crossing” acquisitions) (Rizzoli et al., 2017). Analysing TanDEM-X
coverage of our study sites (using the Source Data Layers provided with
the Copernicus DEM), we found that only 39% of GLO-30 grid cells
benefitted from “crossing” acquisitions (with the remainder relying on
“nominal” coverage only). Although this fraction is considerably higher
for rough terrain (e.g. 74% where ANVAD,,,,; > 7°; the pink points
in Fig. 8g), even here coverage is predominantly from the “nominal”
acquisition geometry (70% on average, in these rough cells), meaning
that hemispheric differences remain important.

The dependence plot presented in Fig. 8g is for ascending Sentinel-
1 passes and so the explanation proposed above for that input vari-
able is particularly relevant to the northern hemisphere (where most
TanDEM-X acquisitions were also made on ascending passes). This
points to a potential bias in data-driven DEM error prediction models
generally: the higher availability of LiDAR-derived DTMs in the north-
ern hemisphere (making up nearly 80% of reference grid cells in our
case) may drive models to learn the patterns most relevant there, to
the possible detriment of predictions made in the southern hemisphere
(where they are needed most). Further research is needed to assess this
in more detail and mitigate such biases.

4.4. Synthesis, limitations and recommendations for future research

Before making any recommendations for future research, it is im-
portant to acknowledge potential limitations relating to our reference
data and methodology. While we tried to source reference LiDAR
DTMs from diverse sites around the world, their scarcity in low-income
countries (Pronk et al., 2024) means our dataset is likely biased towards
the land cover and urban typologies found in higher-income countries.
It may also be subject to site-specific biases (e.g. processing artefacts
introduced when transforming elevations from a local vertical datum),
which could affect model explanations in contexts where the true ver-
tical error is relatively low (if models focus on these site-specific biases
rather than the true vertical error). As for potential issues relating to
gap-filling or editing of the Copernicus DEM, we note that this was very
low across our study sites: only 0.7% of cells were filled (mostly using
the 1 arc-second SRTM) and 1.1% had been edited.

When accounting for spatial autocorrelation in our modelling work-
flow, we adopted a spatial blocking approach (Roberts et al., 2017;
Valavi et al., 2019) and based our block sizes on variogram ranges esti-
mated for GLO-30 errors. These were too small to address the extensive
spatial autocorrelation present in the climate variables though, such
that local elevation biases learned from training blocks in a particular
site (identifiable by climate variable value) were still relevant in test
blocks from that same site. To ensure model explanations were not
compromised by the “learning shortcuts” such correlations allow, we
discarded all climate variables from our models. However, they may
still be informative for DEM error prediction models, if evaluated using
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an appropriate spatial cross-validation approach (much larger spatial
blocks or else sampled at the site level).

Despite considering a very large set of candidate input variables,
there are inevitably others not included here that may be even more
informative. These could be entirely new variables or else alternative
characterisations of a variable we did include, such as the GLAM-
OUR (Li et al., 2024) and 3D-GloBFP (Che et al., 2024) building height
datasets, released midway through our analysis. In some cases, we
had to choose from a wide variety of alternative formulations, with a
good example being surface roughness. We represented this using the
Average Normal Vector Angular Deviation (ANVAD) and found it be
an important predictor in all subset models. However, there is a wide
variety of other roughness indices available, ranging from relatively
simple options (e.g. standard deviation of slopes) to more advanced
formulations such as the omnidirectional roughness and roughness
anisotropy indices recently proposed by Trevisani and Guth (2024).
Particularly given the clear significance of roughness to DEM error
prediction, future studies might evaluate more of these alternatives.

It is also worth noting that the DEM error prediction models trained
and explained here (as in almost all previous studies), take a somewhat
narrow view of DEM “error” by simply considering vertical errors on
a cell-by-cell basis. For many applications however, representing local
morphology or enabling accurate derivatives (such as slope) may be
more important (Polidori and El Hage, 2020; Trevisani et al., 2023). In
their recent ranking of global DEMs, Guth et al. (2024) found that while
model-corrected DEMs were generally more accurate (in the narrow
sense), they often underperformed their source DEMs when it came
to topographical derivatives (e.g. extracting drainage networks). To
address this, Uhe et al. (2025) used a multi-criteria loss function when
training the FathomDEM model, accounting for structural similarity
and the spatial gradient of errors (as well as cell-by-cell vertical errors).
The added nuance learned by such models would be an interesting
target for future studies.

Despite those limitations, we contend that some robust recommen-
dations for future DEM error correction studies can still be drawn
from the analysis presented here. The first is that variable impor-
tance does vary significantly for models trained in different land cover
environments, in terms of how many variables are relevant, which
specific variables are selected, and their relative importance within
each model. This suggests that it may be preferable to train an ensemble
of models (each specialised in a particular land cover environment),
rather than expecting a single global model to learn all of these diverse
relationships. To date, such approaches have been relatively simple,
using two separate models — either buildings and forests (Hawker
et al., 2022) or buildings and everything else (Kim et al., 2021; Nguyen
et al., 2022). Our results suggest that further specialisation may be
useful, with more research needed to identify the optimal subdivision
approach (e.g. by land cover, geographical region, climate zone, urban
typology, etc.).

Across all subset models, we found consistently high importance
metrics for topographical variables, especially neighbourhood statistics
(expressions of a given grid cell’s elevation relative to those of its
neighbours). These were evaluated for a range of extents (from 3 x 3
to 21 x 21 grid cells) and we found that most models benefitted
from a combination of small and large extents (3-7 and 21 grid cells,
respectively). This dependence on local context suggests that model
architectures using spatially-structured data inputs (e.g. image patches
for Convolutional Neural Networks) are likely to outperform models
that look at each grid cell in isolation. As for the neighbourhood size
to be considered, we note that most of our models used variables for
the 21 x 21 extent (the largest we evaluated), implying that even larger
extents would likely be useful.

Multispectral data (both surface reflectance bands and derived in-
dices) were also important in all subset models (especially ‘“‘Short
Vegetation” and “Open Forest”), consistent with expectations and sug-
gested by previous studies (Nguyen et al., 2022; Dusseau et al., 2023;
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Chen et al.,, 2024). More surprising were the noteworthy contribu-
tions made by SAR variables (given their limited use in past studies),
although they do present challenges (patchy spatial coverage and de-
pendencies on terrain aspect, especially for Sentinel-1 VH polarisation).
Future studies might assess the value of using the normalised Sentinel-1
Global Backscatter Model (Bauer-Marschallinger et al., 2021) instead,
a mosaic product accounting for orbit geometry effects.

Recent analysis of the three global canopy height datasets (Potapov
et al.,, 2021; Lang et al., 2023; Tolan et al., 2024) suggests they all
suffer from particular biases, especially a tendency to underestimate tall
canopies (Moudry et al., 2024). Despite this, we found they were very
useful predictors of GLO-30 error (in the top ten for all models except
“Bare” ground), with the high-resolution (1 m grid spacing) option
recently released by Tolan et al. (2024) consistently preferred. As for
building heights, the World Settlement Footprint 3D (Esch et al., 2022)
dataset was preferred (rank six) over the Global Human Settlement
Layer (Pesaresi and Politis, 2023) option (rank 17) in our “Buildings”
model, although its relatively coarse resolution (90 m) likely limits its
impact.

5. Conclusions

Machine learning models are increasingly used for predicting ver-
tical errors in global DEMs, enabling corrected versions for use in
downstream applications requiring bare earth elevations (Hawker et al.,
2022; Dusseau et al., 2023; Uhe et al., 2025). However, research to
date has focused primarily on optimising predictive performance rather
than interrogating or explaining these models. In this study, we trained
machine learning models to predict vertical errors in the Copernicus
DEM (GLO-30) in five different land cover environments (‘“Closed For-
est”, “Open Forest”, “Short Vegetation”, “Bare” and “Buildings”) using
diverse sites from across the globe and then explained these models
using SHAP values. Our main finding is that variable importance varies
significantly across these models (in terms of variables selected and
their relative importance), suggesting that an ensemble of specialised
models is likely to be more effective than a single global model. Further
research is needed to better understand how those specialisations might
be optimally defined.

In addition, the wide range of potentially-relevant input variables
(160) evaluated here will support future DEM error prediction studies,
in choosing between alternative datasets (e.g. the three global canopy
height maps now available), appreciating the informational value of
local topographical context (supporting the use of CNNs or similar
model architectures), and exploring further the value of SAR backscat-
ter intensities (rarely used so far, likely due to limited spatial coverage
and imaging geometry challenges).

More generally, we present a framework for explaining models
trained in parallel on different data subsets and demonstrate the po-
tential value of using dependence plots to assess the patterns learned.
In some cases, this may build trust in the models (where learned
patterns are consistent with domain knowledge and seem likely to
generalise well), while in others it can indicate problematic variables
(proxies or spurious correlations) for closer assessment. Particularly for
complex models whose outputs (and potential biases) feed into down-
stream applications impacting people’s lives and livelihoods (e.g. flood
or landslide simulations), such model explanations are increasingly
important.
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