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Abstract

High-resolution digital elevation models (DEMs)
are important for terrain-dependent analysis in
precision agriculture and remote sensing. Deep
learning-based DEM super-resolution (SR) has
shown promising results for generating higher-
resolution DEMs from lower-resolution inputs;
however, reported performance can be strongly
affected by how training and test data are se-
lected. This paper presents a methodological
evaluation of DEM SR protocols, focusing on
spatial leakage, test-region representativeness,
and dataset-level terrain diversity, three key
factors that can substantially limit the gener-
alizability of DEM SR models. Using 30 m
SRTM DEM data, we generate 120 m-to-30
m SR pairs and evaluate the TfaSR (Terrain
feature-aware Super-Resolution) model under
controlled experimental conditions to isolate the
effect of each factor. First, randomly splitting
tile-based data into training and test sets in-
troduces spatial leakage that inflates apparent
performance: the model achieved a DEM RMSE
of 4.52 m on the internal random test set, while
evaluation on a terrain-matched but geographi-
cally independent test region raised this to 5.02
m, revealing that random-split evaluation over-
estimates true generalization. Second, a low-
relief test region produced substantially lower
DEM RMSE than a terrain-representative test
region (1.68 vs. 5.02 m), a gap that reflects
the simpler terrain structure of flat areas rather
than superior model generalization. Third, on a
shared terrain-diverse test set, TfaSR trained on
a terrain-diverse dataset achieved lower DEM
RMSE than the official pretrained TfaSR, whose
training data is geographically distributed but
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low-relief-dominated (5.50 vs. 5.69 m), indicat-
ing that terrain diversity in the training data,
rather than broad geographic coverage alone,
drives generalization to varied terrain. These
results show that random tile-based splitting,
unrepresentative test-region selection, and lim-
ited training-data terrain diversity can lead to
misleading conclusions about DEM SR gener-
alization. Credible evaluation should explicitly
report spatial partitioning strategies, train-test
terrain-feature similarity, and dataset-level ter-
rain composition.

Keywords: Digital elevation models (DEMs),
Super-resolution, Geospatial deep learning models,
Spatial leakage, Terrain representativeness

1 Introduction

High-resolution digital elevation models (DEMs)
are essential geospatial data products for terrain-
dependent analysis in precision agriculture and
remote sensing, supporting tasks such as hydro-
logical modelling, irrigation and drainage plan-
ning, erosion risk assessment, and terrain char-
acterization'™. Many of these tasks depend on
fine-scale elevation variation and local terrain
structures that coarse-resolution DEMs may not
adequately capture, yet global DEM products
often lack the required spatial resolution®?. Be-
cause acquiring high-resolution DEMs through
LiDAR, photogrammetry, or field surveying is of-
ten expensive or impractical, there is increasing
interest in DEM super-resolution (SR), which
reconstructs a higher-resolution DEM from a
lower-resolution input®7.

Recent deep learning-based DEM SR meth-
ods have reported promising results by adapt-
ing image super-resolution architectures, in-
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cluding convolutional neural networks, resid-
ual networks, generative adversarial networks,
and transformer-based models® 4. In these ap-
proaches, DEMs are commonly treated as single-
channel raster data, and models are trained to
predict high-resolution elevation grids from de-
graded low-resolution inputs. Performance is
typically evaluated using reconstruction metrics
such as root mean square error (RMSE), mean
absolute error (MAE), or peak signal-to-noise
ratio (PSNR). While these metrics are useful,
they do not by themselves establish whether a
model generalizes reliably to geographically in-
dependent terrain. For geospatial raster data,
reported performance depends not only on model
architecture and loss functions, but also on how
training and test samples are selected.

A major concern is spatial leakage caused by
random tile-based train/test splitting. Because
DEM tiles are sampled from continuous, spa-
tially autocorrelated terrain surfaces, randomly
selected test tiles may lie close to training
tiles and share highly similar topographic struc-
ture'® 17, Test results obtained under such splits
may therefore overstate how well a model gener-
alizes to independent geographic regions, even
though tile-based datasets and random partition-
ing remain common in DEM SR studies!?™4,

A second concern is the representativeness of
the selected test region. Even a geographically
separated test area can be artificially easy if it
is dominated by low-relief terrain, or artificially
difficult if it is substantially more rugged than
the training data. Reliable evaluation there-
fore requires characterizing test regions in terms
of terrain-feature distributions, such as eleva-
tion variation, slope, Terrain Ruggedness Index
(TRI), and Topographic Position Index (TPI),
rather than relying on geographic separation
alone.

A related concern is the terrain diversity of the
dataset as a whole. A dataset spanning multiple
geographic areas may still represent a narrow
terrain domain if most samples come from flat
or low-relief landscapes, in which case strong
results on a random split only support gener-
alization within that restricted domain. Eval-
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uating dataset-level terrain diversity therefore
requires examining the distribution of terrain
features across samples, rather than relying on
geographic coverage as a proxy for topographic
breadth.

This paper presents a methodological evalua-
tion of deep learning-based DEM SR, focusing
on evaluation validity rather than architectural
novelty. While each of these concerns has been
recognized in the broader geospatial machine
learning literature, their quantified impact on
DEM SR evaluation has not been systematically
examined under controlled experimental settings.
Using 30 m SRTM (Shuttle Radar Topography
Mission) DEM data from Alberta and British
Columbia, Canada, we construct 120 m-to-30
m SR pairs and evaluate the TfaSR model 2.
To isolate the effect of evaluation protocol, the
model and training configuration are kept fixed
across all experiments.

The main contributions of this paper are as fol-
lows:

1. We quantify the effect of random tile-based
splitting in DEM SR by comparing internal
random testing with geographically inde-
pendent region-based testing under a fixed
model configuration.

2. We show that region-based testing alone is
insufficient unless the test region is terrain-
representative of the training region, and
we evaluate representativeness using terrain-
feature distributions and similarity mea-
sures.

3. We demonstrate with controlled experi-
ments that geographic coverage alone does
not ensure terrain diversity: a training
dataset collected from multiple regions may
still be dominated by low-relief terrain, lim-
iting generalization to more varied topo-
graphic conditions.

We argue that credible DEM SR evaluation
should move beyond random tile splits and aggre-
gate reconstruction metrics, explicitly reporting
spatial partitioning strategies, train-test terrain-
feature similarity, and dataset-level terrain di-
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versity so that generalization and real-world ap-
plicability claims are better supported.

2 Related Work

Deep learning-based DEM SR has advanced
by adapting architectures originally developed
for image SR, including convolutional networks,
residual networks, generative adversarial net-
works, and transformer-based models® ', DEM-
specific methods have further introduced terrain-
aware components to better preserve topo-
graphic structure. D-SRGAN and D-SRCAGAN
applied adversarial learning and channel at-
tention, showing that learned models can out-
perform traditional interpolation by recover-
ing nonlinear relationships between low- and
high-resolution elevation grids®!®. TfaSR in-
corporated deformable convolution and terrain-
related loss terms to improve the reconstruc-
tion of local terrain features such as ridges and
valleys!?. GISR introduced global-information
constraints to improve consistency between
local and broader elevation patterns'®, and
transformer-based approaches such as DSRT
and TTSR aimed to capture local-global depen-
dencies and multiscale terrain heterogeneity 419
These studies demonstrate important progress
in DEM SR model design; however, most rely
on random tile-based partitioning within a fixed
geographic region and evaluate results using ag-
gregate reconstruction metrics, without exam-
ining whether reported improvements support
reliable generalization to independent terrain.

A central issue in geospatial model evaluation is
spatial dependence between samples. Nearby lo-
cations often share similar terrain characteristics
due to spatial autocorrelation!®, and prior work
in remote sensing has shown that random sample
partitioning can overestimate predictive perfor-
mance when spatial dependence is ignored 161720
This concern applies directly to DEM SR, where
tiled datasets are generated from continuous ter-
rain surfaces and random tile-based splitting is
the prevailing evaluation practice'? 4. DEM
SR has largely inherited image SR’s evaluation
conventions, in which random splits are stan-
dard and sample independence is assumed —
an assumption that does not hold for spatially
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autocorrelated terrain data.

Beyond spatial separation, the terrain charac-
teristics of the test data also affect the inter-
pretation of DEM SR results. Terrain analysis
literature provides established descriptors such
as elevation variability, slope, TRI, and TPI for
characterizing terrain complexity!32122; how-
ever, DEM SR studies typically report perfor-
mance without explicitly characterizing train-
test terrain similarity or dataset-level terrain
diversity 51271418 Together, these gaps suggest
that DEM SR generalization remains understud-
ied as an evaluation problem, independently of
the architectural advances being reported.

3 Methodological Evaluation Framework

The evaluation of DEM SR differs from standard
image SR because DEM samples are spatially
referenced and represent continuous physical ter-
rain surfaces. As a result, the validity of reported
performance depends not only on the model and
reconstruction metrics, but also on the spatial
partitioning strategy, the terrain characteristics
of the test region, and the terrain diversity of the
dataset, which the following subsections examine
in turn.

3.1 Random Tile-Based Splitting and
Spatial Leakage

A common evaluation protocol in DEM SR di-
vides tiled DEM samples into training, valida-
tion, and test subsets by random sampling, as-
suming that individual tiles are sufficiently inde-
pendent. However, DEM tiles are extracted from
continuous terrain surfaces, where nearby sam-
ples may share similar elevation ranges, slope
patterns, ridges, valleys, drainage structures,
and surface roughness; randomly selected test
tiles may therefore be geographically close to
training tiles and contain highly similar terrain
patterns.

Figure 1 illustrates this issue using the DEM SR
dataset released with TfaSR!2, which is publicly
available through Figshare (DOI: https://doi.
org/10.6084/m9.figshare.19225374). Al-
though the dataset includes multiple geographic
regions, random partitioning is applied at the
tile level within the sampled areas. As shown
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Figure 1: Random tile-based splitting in the pub-
licly released TfaSR DEM SR dataset!?. Yellow
tiles are test samples; blue tiles are training sam-
ples. The zoomed panel shows test tiles directly
adjacent to training tiles.

in the zoomed panel, some test tiles are directly
adjacent to training tiles from the same contin-
uous terrain surface. These test tiles are not
duplicate samples, but their spatial proximity
to training tiles can introduce leakage because
neighbouring DEM patches often share similar
topographic structures.

Throughout this paper, spatial leakage refers to
an evaluation condition in which test samples
are geographically close to, or strongly corre-
lated with, samples used during training. Under
this condition, test performance may reflect in-
terpolation within a familiar terrain distribution
rather than generalization to an independent
region. Random tile-based splitting is not nec-
essarily invalid when the goal is to estimate
performance within the same mapped area, but
it is insufficient for supporting claims about ge-
ographic generalization. To examine this issue,
our first experiment compares internal random
testing with geographically independent region-
based testing under an otherwise fixed training
and model configuration.

3.2 Test-Region Representativeness

Region-based testing reduces direct spatial leak-
age, but geographic separation alone does not
guarantee a meaningful evaluation. The diffi-
culty of DEM SR depends strongly on the ter-
rain characteristics of the test region. Low-relief
areas often contain limited fine-scale elevation
variation and may produce low reconstruction
errors, whereas rugged or mountainous areas
contain sharper slope changes, ridges, valleys,
and local relief that are harder to reconstruct.
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We define test-region representativeness as the
degree to which a geographically independent
test region reflects the terrain-feature distribu-
tion of the training region for the intended eval-
uation objective. This does not require the test
region to be identical to the training region, but
it should be comparable enough that the evalua-
tion is not artificially easy, artificially difficult, or
unrelated to the claimed application domain. We
assess representativeness using terrain-feature
distributions based on elevation variation, slope,
TRI, and TPI. Our second experiment compares
a low-relief external test region with a terrain-
representative external test region to quantify
how test-region selection affects reported DEM
SR accuracy.

3.3 Dataset-Level Terrain Diversity

Train-test similarity should also be interpreted
in relation to the terrain diversity of the dataset
as a whole. A dataset may include multiple
geographic areas but still represent a narrow
terrain domain if most samples are concentrated
in flat or low-relief landscapes. In such cases,
a random split may produce training and test
sets with similar feature distributions, but the
resulting evaluation only supports generalization
within that limited terrain domain.

We define dataset-level terrain diversity as the
range of terrain conditions represented across
the full evaluation dataset. This factor is im-
portant because geographic coverage does not
necessarily imply topographic diversity. To sup-
port broad generalization claims, a DEM SR
dataset should contain a sufficient range of ter-
rain complexity, or the scope of the claims should
be restricted to the terrain domain represented
by the data. Our third experiment examines this
factor by comparing a model trained on a geo-
graphically distributed dataset with one trained
on a terrain-diverse dataset of equal size, eval-
uated on a shared, geographically independent
test set, to test whether geographic coverage
alone is sufficient for broad generalization.

4 Terrain-Feature-Based Analysis

To evaluate whether DEM SR test results sup-
port meaningful generalization claims, we char-
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acterize the terrain conditions of the training and
test data at the tile level, using descriptors com-
puted from the reference high-resolution DEM.
These descriptors serve both to assess test-region
representativeness and to gauge dataset-level ter-
rain diversity.

4.1 Terrain Descriptors

Each DEM tile is represented using a set of ter-
rain descriptors that summarize both elevation
variation and local terrain structure. Elevation-
based descriptors include mean elevation, stan-
dard deviation, elevation range, interquartile
range, 5th-95th percentile range, and median
absolute deviation. These measures describe the
vertical variation within each tile and help distin-
guish low-relief tiles from tiles with stronger ele-
vation variability. However, elevation statistics
alone do not fully characterize terrain complex-
ity because two tiles may have similar elevation
ranges but different local surface forms.

To capture local terrain structure, we compute
slope, TRI, and TPI?2%22, Slope describes the
local rate of elevation change, TRI measures
local ruggedness by comparing a cell with its
surrounding neighbourhood, and TPI measures
whether a cell is locally higher or lower than its
neighbouring cells. For a cell with elevation z,
and eight neighbouring elevations z;, TRI and
TPI are defined as:

8

> (7 —
i=1

For each tile, the derived slope, TRI, and TPI
layers are summarized using mean, standard de-
viation, and maximum values. Together, these
per-tile elevation and slope/TRI/TPI summaries
form the terrain-feature set on which all simi-
larity measures reported in this paper are com-
puted.

1 8
TRI = 2)2, TPI =z — 3 ;z (1)

4.2 Train-Test Similarity Measures

After computing terrain descriptors for all tiles,
we compare the feature distribution of each can-
didate set against a reference set chosen per
experiment (the internal random test set in Ex-
periment 1 and the training set in Experiment 2).
A standard scaler is fitted on the reference set
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only and applied to the compared set, so com-
parisons are made in a common feature space
without using the compared set’s information
during normalization.

We use complementary similarity measures
rather than relying on a single criterion. The
mean standardized feature shift measures the
difference between the reference and compared
feature means after scaling. The Wasserstein
distance and Kolmogorov—Smirnov (KS) statis-
tic compare the two distributions feature by
feature, where lower values indicate stronger dis-
tributional similarity 224,

Finally, we use classifier-based separability as
a multivariate similarity measure?. A logis-
tic regression classifier is trained to distinguish
training tiles from test tiles using only terrain
descriptors. The resulting area under the re-
ceiver operating characteristic curve (AUC) is
converted into a distance score:

davc = 2|AUC — 0.5, 2)

A value near zero indicates that the classifier
cannot reliably distinguish training and test tiles,
suggesting high terrain-feature similarity. A
value near one indicates that the two sets are
easily separable and therefore less similar in the
selected terrain-feature space.

These measures are interpreted jointly: a rep-
resentative test region should show low mean
feature shift, low distributional distance, and
low classifier separability. The same descriptors
also support dataset-level analysis of whether
the full dataset spans a broad range of terrain
conditions or is concentrated within a narrow
domain.

5 Experiments and Results
5.1 Experimental Setup

All model-based experiments use 30 m SRTM
DEM data and follow a 120 m-to-30 m DEM SR
setting. High-resolution (HR) DEM tiles are ex-
tracted as non-overlapping 64 x 64 patches. Low-
resolution (LR) inputs are generated by down-
sampling the HR tiles by a factor of four using
nearest-neighbour interpolation. This degrada-

tion process ensures spatial alignment between
LR inputs and HR reference DEMs.



© 00 J O T = W N+~

I T T
= w N = O

D NN NN = ==
Tk W N R O © o ot

26
27

28
29
30
31
32
33
34
35

36
37
38
39
40
41
42
43

We use TfaSR as the reference DEM SR model
because it is a terrain-aware deep learning ar-
chitecture designed specifically for DEM SR.
To isolate the effect of evaluation protocol and
dataset composition, all experiments use the
same model architecture, loss function, normal-
ization strategy, and training hyperparameters.
The model is trained using the combined con-
tent mean squared error (MSE) and slope MSE
loss, Adam optimizer, learning rate of 10~%, and
batch size of 32. In all experiments, models are
trained for 100 epochs, and the final checkpoint
is used for evaluation to avoid test-set-based
model selection.

Performance is reported using DEM RMSE,
slope RMSE, and aspect RMSE. DEM RMSE
measures elevation reconstruction error directly,
while slope and aspect RMSE provide additional
information about errors in terrain derivatives.
Experiment 3 additionally reports TRI and TPI
RMSE, which measure reconstruction error in
the TRI and TPI derivative layers. Aspect
RMSE is interpreted with caution in low-relief re-
gions because aspect can become unstable when
local slope values are close to zero.

5.2 Experiment 1: Random Tile-Based
Testing vs. Region-Based Testing

The source study area is located in Al-
berta and British Columbia, Canada,
and is defined by the bounding box
[—118.6414,49.5252, —115.0269, 51.9172].1
From this region, 26,954 HR DEM tiles were
generated. These tiles were randomly divided
into 21,563 training tiles and 5,391 internal test
tiles using an 80/20 random split.

As a more appropriate evaluation for
this task, we also extracted a separate
test region defined by the bounding box
[—120.1849,52.1301, —117.7734, 53.0521]. This
external region was not used during training
and is geographically separated from the
source training area. It was subsampled to
match the internal random test set in both

'Bounding boxes are reported in decimal degrees
as [west, south, east, north], that is, minimum longitude,
minimum latitude, maximum longitude, and maximum
latitude.
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sample count (5,391 tiles) and terrain-feature
distribution (verified in Figure 2 and Table 1),
so that performance differences reflect spatial
separation rather than terrain difficulty. The
same trained model was evaluated on both
the internal random test set and the external
region-based test set.

Figure 2 compares the terrain-feature distribu-
tions of the training set, the internal random
test set, and the external region-based test set
using elevation range, mean TRI, mean TPI,
and mean slope. The internal random test set
closely follows the training distribution, as ex-
pected from random sampling within the same
source region. Importantly, the external region-
based test set also shows substantial overlap
with the training distribution across these de-
scriptors, while remaining geographically inde-
pendent. This makes it suitable for evaluating
whether performance changes when the test data
are spatially separated rather than randomly
sampled from the same continuous region.

Table 1 complements this visual comparison with
quantitative terrain-feature similarity measures
computed relative to the internal random test
set, for the external region-based test set, with
the training set shown as context. These mea-
sures determine whether the external region pro-
vides terrain comparable to the internal random
test set while remaining geographically indepen-
dent.

Table 2 summarizes the DEM SR performance
under the two evaluation settings. The inter-
nal random test set produces lower DEM RMSE
than the external region-based test set. Since the
training configuration and model are fixed, this
difference suggests that random tile-based eval-
uation can provide a more optimistic estimate
of performance than testing on a geographically
independent region.

Because Table 1 confirms that the external
region is terrain-matched to the internal ran-
dom test set, this performance gap is associated
mainly with spatial independence rather than
terrain difference.
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Figure 2: Terrain-feature distributions for Experiment 1: training set, internal random test set, and external
region-based test set.

Table 1: Terrain-feature similarity in Experiment 1, relative to the internal random test set (training set
shown as context). Lower values indicate stronger similarity.

Compared set Mean shift  Wasserstein KS dauc
External region-based test 0.088 0.117 0.063  0.218
Training data (context) 0.221 0.186 0.092  0.255
5.3 Experiment 2: Low-Relief vs. 23 sponding terrain-feature similarity between the

Terrain-Representative Test Region 24 training set and each candidate test region.

We compare two geographically indepen-
dent test regions. The first is a low-
relief test region defined by the bounding
box [—118.0041,53.3780, —115.9058, 54.4125],
which contains limited elevation variation and
smoother terrain. The second is the external

25 Table 4 shows that the low-relief test region
26 produces substantially lower DEM RMSE and
27 slope RMSE than the terrain-representative test
28 region. This result indicates that test-region

o based ; B ) 1 which 29 selection can strongly affect reported accuracy.
region-based test set from Eixperiment 1, whic 30 A low-relief test region may produce favourable

1ds. sel.icte'd to fbe}’lcter n'qa.tch th? terrain-feature 31 error values because the reconstruction task is
istribution of the training region. 32 less complex, not necessarily because the model

Both test regions are evaluated using the same 33 generalizes robustly across more complex terrain.
trained model from Experiment 1, isolating the

effect of test-region terrain complexity. Fig-

ure 3 compares the terrain-feature distributions 34 The high aspect RMSE in the low-relief region
of the training set and the two candidate test 35 should be interpreted carefully. In flat or nearly
regions using elevation range, mean TRI, mean 36 flat areas, aspect is often unstable because small
TPI, and mean slope. The low-relief test re- 37 elevation differences can cause large angular
gion is concentrated at substantially lower values 38 changes in the estimated aspect direction. There-
across all four descriptors, whereas the terrain- 39 fore, the low DEM RMSE and slope RMSE are
representative test region closely overlaps the 40 more informative for assessing the relative ease
training distribution. Table 3 reports the corre- 41 of the low-relief test region.
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DEM SR performance: internal random vs. external region-based testing.

Slope RMSE (°)  Aspect RMSE (°)

Table 2:
Evaluation setting DEM RMSE (m)
Internal random test 4.52
External region-based test 5.02

2.99
3.29

50.51
50.34

Low-relief test
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Figure 3: Terrain-feature distributions for Experiment 2: training set, low-relief test region, and terrain-

representative test region.

5.4 Experiment 3: Effect of Dataset-
Level Terrain Diversity on General-
ization

We compare the official pretrained TfaSR model,
trained on a geographically distributed but low-
relief-dominated dataset, with a TfaSR model
trained on a terrain-diverse dataset of equal size.

The terrain-diverse training dataset spans four
geographically separated regions covering moun-
tainous, alpine, and moderate hilly terrain, and
the test set spans three geographically indepen-
dent regions that do not overlap with the train-
ing regions or with the original TfaSR dataset.?

To make the comparison consistent in terms of
dataset size, we selected 25,088 training patches
and 6,272 test patches, matching the split size of
the TfaSR dataset. The terrain-diverse TfaSR

2Training bounding boxes: [—118.6414, 49.5252,
—115.0269, 51.9172], [85.4901, 27.3000, 87.4786, 28.4304],
[87.6544, 27.4400, 88.8739, 28.1117], and [—119.4653,
47.7098, —117.2481, 48.9874]. Test bounding boxes:
[-120.1849, 52.1301, —118.20, 53.0521], [94.2435,
30.3515, 95.2213, 30.7586], and [85.0342, 49.1155,
87.9565, 50.9030].

model was trained using the same architecture
and training configuration as the original TfaSR
model, including the same degradation process,
tile size, loss function, optimizer, learning rate,
batch size, normalization strategy, and number
of epochs; only the training dataset was changed.
The official pretrained TfaSR model was then
evaluated directly on the same terrain-diverse
test set. Because the only difference between the
two models is the terrain composition of their
training data, the comparison isolates the effect
of training-data terrain diversity.

Figure 4 compares the terrain-feature distribu-
tions of the original TfaSR dataset and the
terrain-diverse dataset. The TfaSR dataset
shows a strong concentration in low-relief terrain,
despite being collected from multiple geographic
areas. In contrast, the terrain-diverse dataset
covers a wider range of elevation variation, slope,
TRI, and TPI values, indicating broader terrain
diversity. The terrain-diverse training and test
distributions also show substantial overlap, sug-
gesting that the test set is representative of the
terrain conditions in the training data while re-
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Table 3: Terrain-feature similarity between the training set and each candidate test region in Experiment 2.
Lower values indicate stronger similarity.

Test region Mean shift  Wasserstein KS davc
Low-relief test region 1.514 1.461 0.769  0.995
Terrain-representative test region 0.266 0.232 0.107  0.375

Table 4: DEM SR performance: low-relief vs. terrain-representative test region.

Test region DEM RMSE (m) Slope RMSE (°)  Aspect RMSE (°)
Low-relief test region 1.68 1.44 96.20
Terrain-representative test region 5.02 3.29 50.34
maining geographically independent. 37 tile-based testing can give more favourable re-

38 sults than geographically independent testing;
39 random tile splits should therefore not be the
40 only evidence used to claim geographic general-
41 ization.

Table 5 reports the performance of both models
on the shared terrain-diverse test set. The model
trained on the terrain-diverse dataset achieves
lower error across all reported metrics. In terms
of DEM RMSE, it improves from 5.69 m to 5.50
m compared with the official pretrained TfaSR
model. Similar improvements are observed for

TRI, TPI, slope, and aspect RMSE. Although 44 @epen@ent test region ca.n still bg artiﬁcial'ly 'easy
the improvement is moderate in absolute terms, 45 if dominated by low-relief terrain, or artificially

it is statistically significant and consistent: a 46 difficult if much more rugged than the training

one-sided Wilcoxon signed-rank test on the 6,272 47 region. Reporting descriptors such as elevation
paired test samples yields p = 2.63 x 10~222, with 48 variation, slope, TRI, and TPI clarifies whether

4,336 samples showing improved DEM RMSE 49 reporteq errors reflect model generalization or
against 1,936 with higher error, and the gain 50 test-region difficulty.

extends across all reported terrain metrics, sug-
gesting that training-data terrain diversity pro-
duces a real and broad improvement in transfer
to terrain-diverse test regions.

42 Region-based testing must also be accompanied
43 by terrain-feature analysis: a geographically in-

51 At the dataset level, geographic coverage should
52 mnot be treated as equivalent to terrain diver-
53 sity. A dataset collected from multiple areas

' ' 54 may still cover a narrow terrain domain, which
These results support the third methodological 55 jimits the scope of generalization claims. For

claim: geographic diversity alone does not guar-  5s hig reason, DEM SR evaluation should report
antee terrain diversity, and training on terrain- g~ performance not only overall but also across
limited data may restrict generalization to more  5¢  torrain-complexity classes. This is especially im-
diverse topographic conditions. The compari- 59 portant for applications where errors in rugged

son should not be interpreted as a critique of gy oy high-relief terrain can affect downstream ter-
the TfaSR architecture itself, since both models  ¢1  1in derivatives and hydrological analyses.

use the same architecture and training config-

uration, differing only in their training data. g2 This study has several limitations. The exper-
Instead, it shows that the composition of the g3 jments use TfaSR as the reference model, so
training dataset is an important factor in DEM g4 pumerical results may differ for other architec-
SR generalization. 65 tures. The terrain descriptors used here provide
66 a compact representation of terrain complexity
67 but do not capture all possible topographic prop-
DEM SR performance should be interpreted in 68 erties. In addition, the experiments focus on a
relation to the evaluation protocol, not only the 69 120 m-to-30 m SRTM-based SR setting; future
model architecture. Because nearby DEM tiles 70 work should examine other DEM products, scale
often share similar terrain structures, random 71 factors, and geographic regions.

6 Discussion
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Figure 4: Terrain-feature distributions for Experiment 3. The original TfaSR dataset is concentrated mainly
in low-relief terrain, while the terrain-diverse dataset covers a broader range of terrain conditions.

Table 5: Performance of the official pretrained TfaSR model and the TfaSR model trained on the terrain-
diverse dataset, both evaluated on the same terrain-diverse test set.

Model DEM TRI TPI Slope Aspect
RMSE RMSE RMSE RMSE RMSE
Terrain-diverse TfaSR 5.50 7.50 2.96 3.37 57.75
Official pretrained TfaSR 5.69 7.71 3.03 3.48 58.48
7 Conclusion 23 [2] John P. Wilson and John C. Gallant, editors. Ter-
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This paper examined DEM SR evaluation from 95 Wiley & Sons, New York, NY, USA, 2000.
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