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Highlights

What are the main findings?

* We introduce JSPSR, a depth completion approach for real-world digital elevation
model (DEM) super-resolution problems, and demonstrated that it is able to enhance
global DEMs by accurately predicting ground terrain elevation at fine spatial resolution,
including correction for surface features.

* JSPSR was used to predict elevation at 3 m and 8 m spatial resolution from globally-
available 30 m Copernicus GLO-30 DEM data and aerial guidance imagery, achieving
superior performance to other methods (~1.05 m RMSE, up to a ~72% improvement on
GLO30 and ~18% improvement on FathomDEM), at lower computational cost (over
4x faster than EDSR).

What is the implication of the main finding?

¢ Studies which require high-accuracy ground terrain elevation, e.g., flood risk assessment,
may utilise JSPSR to enhance global elevation data such as the Copernicus GLO30 DEM,
especially where airborne data such as LiDAR are unavailable.

® The high accuracy and low computational cost of JSPSR opens the possibility to create
an open-access fine spatial resolution global elevation model with good accuracy.

Abstract

(1) Background: Digital Elevation Models (DEMs) encompass digital bare earth surface
representations that are essential for spatial data analysis, such as hydrological and geo-
logical modelling, as well as for other applications, such as agriculture and environmental
management. However, available bare-earth DEMs can have limited coverage or acces-
sibility. Moreover, the majority of available global DEMs have lower spatial resolutions
(~30-90 m) and contain errors introduced by surface features such as buildings and vege-
tation. (2) Methods: This research presents an innovative method to convert global DEMs
to bare-earth DEMs while enhancing their spatial resolution as measured by the improved
vertical accuracy of each pixel, combined with reduced pixel size. We propose the Joint
Spatial Propagation Super-Resolution network (JSPSR), which integrates Guided Image
Filtering (GIF) and Spatial Propagation Network (SPN). By leveraging guidance features
extracted from remote sensing images with or without auxiliary spatial data, our method
can correct elevation errors and enhance the spatial resolution of DEMs. We developed
a dataset for real-world bare-earth DEM Super-Resolution (SR) problems in low-relief
areas utilising open-access data. Experiments were conducted on the dataset using JSPSR
and other methods to predict 3 m and 8 m spatial resolution DEMs from 30 m spatial
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resolution Copernicus GLO-30 DEMs. (3) Results: JSPSR improved prediction accuracy
by 71.74% on Root Mean Squared Error (RMSE) and reconstruction quality by 22.9% on
Peak Signal-to-Noise Ratio (PSNR) compared to bicubic interpolated GLO-30 DEMs, and
achieves 56.03% and 13.8% improvement on the same items against a baseline Single Image
Super Resolution (SISR) method. Overall RMSE was 1.06 m at 8 m spatial resolution and
1.1 m at 3 m, compared to 3.8 m for GLO-30, 1.8 m for FABDEM and 1.3 m for FathomDEM,
at either resolution. (4) Conclusions: JSPSR outperforms other methods in bare-earth DEM
super-resolution tasks, with improved elevation accuracy compared to other state-of-the-art
globally available datasets.

Keywords: digital elevation model; single image super-resolution; depth completion; deep
learning; guided image filtering; spatial propagation network

1. Introduction

Digital Elevation Models (DEMs) encode and represent topographic elevation data in
raster format, which are fundamental for the analysis of earth surface characteristics and
the computational representation and quantification of natural events [1]. Nevertheless,
the spatial resolution and vertical accuracy of DEMs could significantly influence the
reliability of derived outputs, such as in the modelling of surface water flows [2], including
flood risk assessment and flood prediction [3]. In some cases, due to the presence of surface
artefacts in the data, the inundation extent may be under- [4] or over-predicted [5]. Previous
studies demonstrated how the use of global DEMs in urban flood risk assessment may
consistently lead to an overestimation of predicted flood extent and its associated potential
damages [3,5].

Large-scale elevation data are generally acquired through satellite-based remote sens-
ing platforms. Interferometric Synthetic Aperture Radar (InSAR) has been used to pro-
duce freely available global data (or nearly global) DEM products with coarse resolu-
tion (~1 arcsecond, approximately 30 m at the equator) and vertical accuracy of several
metres [6]. More accurately, these products represent approximate DSMs (Digital Surface
Models) owing to variable signal penetration characteristics in vegetated areas [7]. Global
commercial elevation data are also available, including Airbus’s World DEM Neo prod-
uct, at a spatial resolution of 5 m and a specified vertical accuracy of 1.4 m, and Maxar’s
Precision3D elevation product, which was generated using stereophotogrammetric tech-
niques [8], at a spatial resolution of 0.5 m and a specified vertical accuracy of 3 m.

For local or regional studies, airborne Light Detection and Ranging (LiDAR) systems
have emerged as a preferred methodology for generating bare-earth DEMs, namely Digital
Terrain Models (DTMs), delivering sub-meter resolution and centimetre-grade vertical
accuracy [9]. However, the limited geographical coverage of LiDAR data, particularly in
developing regions or sparsely populated areas, and its high acquisition cost, necessitate
reliance on coarser spatial resolution global DEM datasets with lower vertical accuracy,
thereby reducing the accuracy of analyses that rely on these data. Thus, there is a need for
freely available, fine spatial resolution, high-accuracy DTMs at a global scale [10].

One of the most accurate open-access global DEM products available [11] is the Coper-
nicus GLO-30 [12] (COP30) DEM dataset. It is derived from TanDEM-X InSAR and provides
~1 arc-second spatial resolution. To improve its accuracy, research efforts have focused
on converting the elevation into DTMs, exemplified by FABDEM [13], which was created
utilising a random forest machine learning algorithm to estimate bare-earth elevations by
excluding vegetation and anthropogenic structures. A later iteration, FathomDEM [14],
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was developed by incorporating advanced deep learning architectures, including attention
mechanisms and vision transformers [15], yielding DTMs with enhanced accuracy. Those
data are underpinning recent research to predict floods on a global scale at a ~30 m spatial
resolution [16], with flood model accuracy assessed as the highest among several DEM
alternatives [4] by using FABDEM.

However, as shown by Meadows et al. [6] in their accuracy assessment of global
elevation datasets, there remains room for improvement with the overall vertical error in
FABDEM assessed as 2.62 m Root Mean Square Error (RMSE), the most accurate of six
alternatives, but varying between 0.81 m (herbacious wetlands) to 3.75 m (tree cover) for
different land cover categories, and between 1.72 m (0-1°) to 5.65 m (>25°) for different
slope categories. The overall RMSE of FathomDEM is 1.67 m, with a range between 0.62 m
(0-1° slopes) to 12.78 m (>40° slopes) [14]. These figures are considerably higher than the
vertical accuracy target of 0.5 m suggested by Schumann and Bates [17] in their call for
developing a high-accuracy, open-access global DTM. Furthermore, it should be noted
that both FABDEM and FathomDEM are openly available only for non-commercial use
under a share-alike licence (CC BY-NC-5SA 4.0), which presents a potential barrier to use in,
for example, climate impact assessments conducted by NGOs.

Recently, several studies have explored different Super-Resolution (SR) methodologies
to bridge the gap between the growing demand for high-resolution DEMs and exist-
ing low-resolution global DEMs. The use of SR techniques allows the reconstruction of
high-resolution DEMs from low-resolution global datasets, leveraging readily available
computing resources instead of expensive remote sensing surveys. It is important to note
that, as defined by Guth et al. [7], the spatial resolution is the “horizontal dimensions of
the smallest feature detectable by the sensor and modified after the gridding procedure”.
Therefore, SR methods must increase the amount of information present within the data,
rather than only reducing the pixel size. Further, the pixel size of the source elevation data
is usually smaller than the spatial resolution due to oversampling to ensure that actual
spatial resolution is not lost [7]. Consequently, we note that SR techniques are starting
from an unknown but larger actual spatial resolution than the pixel size of the original
source data.

As described in detail by Fisher & Tate [18], errors in DEMs result from a combination
of sources, including instrument errors (i.e., resulting from the sensor or scanning system),
geometry-induced errors (i.e., resulting from the conversion of a continuous elevation
surface into a grid of discrete cells with a certain numerical precision), and errors introduced
by the environment (e.g., vegetation, buildings and any other above-surface feature).
The final vertical accuracy of the DEM will comprise a combination of each of these error
sources. For geometry-induced errors, these are deterministic and can be expected to
increase with slope and pixel size. Thus, reducing the pixel size through SR provides
the opportunity to reduce these errors, if the underlying pixels closely follow the actual
terrain, although our focus is on areas of low-relief where they will be lowest. Instrument
and environmental errors are more randomised and are the primary target of the error
corrections presented in this paper.

In general, DEM SR originates from Single Image Super-Resolution (SISR), a funda-
mental low-level computer vision challenge that focuses on enhancing image resolution
primarily through the use of interpolation algorithms and deep learning. SISR approaches
can be applied in DEM SR tasks to reconstruct high-resolution DEMs from low-resolution
DEMs since DEMs are also images in terms of representation format. The emergence
of Super-Resolution Convolutional Neural Networks (SRCNNSs) [19], in 2014, enabled
deep learning to become the predominant approach for SISR tasks. This advancement
prompted the adaptation of SISR-derived methodologies for DEM SR applications, as re-
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ported by [20-22], who generated high-resolution DEMs using SISR-derived approaches.
Nevertheless, little research (e.g., [23]) has been developed towards real-world DEM SR
problems, as it is common for the majority of DEM SR developments to employ synthet-
ically degraded datasets for model training and validation, potentially compromising
performance in practical applications involving authentic DEM data [23]. Further, in the
absence of additional guidance data, SISR algorithms may not improve the actual spatial
resolution but rather only reduce the pixel size.

In addition to the above, there is the depth completion [24] approach, which utilises
the corresponding RGB image to guide neural networks in predicting a dense depth map
from the input sparse depth map. Since both DEMs and depth maps represent three-
dimensional information, assuming that low spatial resolution DEMs are sparse depth map
samples and that high spatial resolution DEMs are dense depth map ground truth, the use
of depth completion approaches to solve DEM SR problems can be considered a reasonable
research hypothesis.

Motivated by the above understanding, the research presented in this paper inves-
tigated real-world DEM SR problems, leveraging approaches for sparse-to-dense depth
completion problems. Our primary aim was to develop the proposed Joint Spatial Propaga-
tion Super-Resolution networks (JSPSRs) for real-world DEM SR prediction with correction
for surface features, utilising globally available spatially coarse elevation data supported by
high-resolution guidance data (e.g., RGB aerial imagery). JSPSR leverages remote sensing
image guidance (with or without optional spatial data guidance) through depth comple-
tion derived techniques, specifically deep Guided Image Filtering (GIF) and non-local
Spatial Propagation Networks (SPN). The deep GIF mechanism enhances multi-modal
feature fusion capabilities, while the non-local SPN architecture optimises learnable spa-
tial propagation parameters to refine high-frequency information with guidance features
in a non-local manner, resulting in high-resolution DTM predictions. Thus, in the work
presented here, our aim was to both reduce the pixel size and increase the actual spatial
resolution, through inclusion of information from high-resolution aerial imagery.

To substantiate the proposed networks, we developed a ready-to-analyse dataset in
low-relief areas, which serves as a reference for the comparative assessment of DEM SR
methods. We proposed a relative elevation log-min-max data scale method, which involves
logarithmic transformation, min—-max scaling, and 0-based elevation shifting, to mitigate
the distribution flaw of the dataset where the elevation is skewed toward zero due to
low-relief terrain. By implementing the above proposed networks, dataset, and data scale
method, along with the subsidiary common components, a deep learning training and
evaluation framework was established for real-world DEM SR tasks. Code is available at
https:/ /github.com/xandercai/JSPSR, accessed on 15 September 2025.

2. Related Work

In the following section, we provide a brief introduction to existing DEM SR ap-
proaches and depth completion approaches adopted in this work. DEM SR aims to im-
prove low spatial resolution DEMs by estimating unknown elevation values based on
known elevation locations [25]. The primary approach is Single Image Super-Resolution
(SISR), a process designed to reconstruct an image to enhance its quality in terms of size or
resolution [26]. Another potential approach is depth completion, a subdomain within the
depth estimation field that aims to predict a dense, pixel-wise depth map from a highly
sparse depth map captured by depth sensors (e.g., LIDARSs) [27].

Traditional SISR approaches, such as bilinear [28] and bicubic [29] interpolation, are
widely deployed due to their low cost and high efficiency. However, learning-based meth-
ods have become the mainstream for SISR, given their superior performance. Beginning
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with SRCNN [19], which reconstructs SR predictions utilising two convolutional layers
and three rectified linear unit (ReLU) activation layers, many SR networks were pro-
posed, including residual networks (e.g., EDSR [30]), recursive networks (e.g., DRCN [31]),
attention-based networks (e.g., RCAN [32]), and generative adversarial networks (GANs)
(e.g., SRGAN [33]). Additional applications of these networks have been implemented for
other objects, such as videos and higher-dimensional data, including DEMs [34].

Learning-based SISR approaches applied to DEM SR tasks [20,35,36] have demon-
strated superior performance compared to conventional spatial interpolation algorithms,
particularly those using Generative Adversarial Networks (GANs) [37,38], which produce
improved visual quality. To avoid relying solely on low-resolution DEMs, recent studies
have incorporated multi-modal data, such as remote sensing imagery, to extract supple-
mentary information and enhance performance. Argudo et al. [39] pioneered the use of
additional remote sensing images for DEM SR, utilising a two-branch Fully Convolutional
Network (FCN) to fuse multi-modal features. Xu et al. [40] applied transfer learning to
leverage weights pre-trained on remote sensing images during DEM SR network training.
ELSR [22] employed ensemble learning to aggregate features from diverse geographical
zones, while DSMSR [41] adopted a GAN-based architecture that jointly processes remote
sensing imagery and low-resolution DEMs. MTF-SR [42] further optimised output quality
by incorporating terrain features derived from DEMs during network training. Despite
advancements, these methods still face a critical limitation of relying on synthetically
degraded DEMs rather than real-world low-resolution data. Wu et al. [23] attempted
to address this gap by using SRGAN on a hybrid dataset that combines freely available
and commercial DEMs, revealing that the inherent disparities between synthetic data and
real-world DEMs lead to degraded performance when applying SISR methods to actual
low-resolution DEMs.

Depth completion methodologies can be categorised into unguided and image-guided
approaches. When processing severely sparse depth maps that lack substantial structural
information (e.g., textures and edges), image-guided methods can achieve better perfor-
mance by extracting complementary information from RGB image data, thereby becoming
the predominant and preferred approach for depth completion problems. The network
architectures of image-guided method frameworks can be split into three major compo-
nents: encoder, decoder and refiner. The implementation of the major parts is diverse.
Some of them extract a type of features (e.g., image features or depth map features) us-
ing a dedicated encoding branch and fuse features at the intermediate layers between
these encoding branches for optimal efficiency purposes, namely “late fusion” [27] mode,
such as GuideNet [43] and LRRU [44]. The theoretical underpinning of the late fusion is
Guided Image Filtering (GIF) [45] or joint image filtering [46] methods. The rest of the
implementations, relying on the superior capacity of the large-scale backbone networks,
fuse the multi-modal feature from the first one or two layers by concatenation, namely,
“early fusion” [27] mode, such as PENet [47], DySPN [48], CompletionFormer [49]. Both
early fusion and late fusion modes can achieve the existing state-of-the-art performance
under applicable scenarios.

The Spatial Propagation Network (SPN) [50] is used in depth estimation to iteratively
update the outputs of a regression network by aggregating reference and neighbouring
pixels. By doing this, the depth mixing problem (blur effect and distortion of prediction
object boundaries) can be effectively alleviated. Many series of SPNs have been developed
and adopted as a refiner for the networks [47,48,51-54]. The original method proposed for
SPN [55] consisted of a series of pixel updates, in which each pixel is updated by three
adjacent pixels from the previous row or column. The serial update process is performed
in four directions individually, and the results are combined by max-pooling. To make
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the update process more efficient, Cheng et al. [55] proposed the Convolutional Spatial
Propagation Network (CSPN), which updates all pixels simultaneously within a fixed local
neighbourhood. However, the fixed-local neighbourhood implementation can introduce
irrelevant pixels (i.e., pixels that do not belong to the same category). Then this issue
has been addressed by the introduction of CSPN++ [56], which enables the combination
of results obtained using different kernel sizes to reduce the impact of irrelevant pixels.
DSPN [48] and NLSPN [53] are methods that allow for predicting a pixel by learning
the offsets to the pixel in the non-local neighbourhood. DSPN obtains kernel weights
by calculating the similarity between features, while NLSPN learns them via its neural
networks. Furthermore, LRRU [44] proposes a lightweight NLSPN variant based on
DKN [57] that directly utilises sparse depth maps as input reference features that benefit
the utilisation of high-frequency information.

3. Materials and Methods

Exploiting the strengths of depth completion methods in multi-modal fusion and
non-local pixel-wise refinement, we propose the Joint Spatial Propagation Super-Resolution
networks (JSPSRs) to address the limitations of existing real-world DEM SR. The outline
of DEM SR methods is shown in Figure 1. Unlike Single Image Super-Resolution (SISR)
approaches, as shown in Figure 1a, which directly predict unknown content based on
the input data without any assisting information, JSPSR leverages guidance data, such as
remote sensing imagery, to enrich the information for estimation, as shown in Figure 1b.
Besides the Guided Image Filtering (GIF) architecture in the JSPSR backbone for multi-
modal data fusion, a key distinction from SISR-derived methods is that JSPSR incorporates a
non-local Spatial Propagation Network (SPN), which reduces errors caused by mismatches
between target data (input low-resolution DSM) and ground truth DTM data or other
spatial inputs. Supported by further information from the guidance features and the SPN
refinement, JSPSR has the potential to outperform DEM-only approaches on real-world
DEM SR tasks.

i = Guidance data :
Prediction
Backbone

(a) SISR-derived method L= spN

: H == Target data

Figure 1. Outline of SISR-derived method and JSPSR. (a) SISR-derived method predicts SR output
from target data. (b) JSPSR predicts SR output based on target data and fused guidance features in
the SPN module.

In the following sections, an overview of the dataset developed for validating methods
(Section 3.1) and the data scaling used (Section 3.2) is provided, followed by details of the
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JSPSR network design in Section 3.3. Additional data processing details are included in
Appendix A.1.

3.1. Dataset Development

Due to the lack of benchmark datasets for real-world DEM SR tasks, we developed
a dataset to conduct experiments and compare the results of different DEM SR methods.
We determined that an ideal real-world DEM SR dataset should contain the following
components: high-resolution DTM samples as the ground truth, high-resolution remote
sensing image samples as the guidance data, low-resolution DSM samples as the target
data of SR methods, other DTM samples (existing state-of-the-art dataset is preferred) as
the comparison reference for the method performance, and at least one kind of land-surface
information, such as land cover masks, land use masks, canopy height data, building
footprints and street maps, as the auxiliary guidance samples. All the source data should
be produced in similar periods and be publicly accessible. Following the above principles,
considering the location, date and quality [6], we selected (1) the Copernicus GLO-30
DEM (COP30) dataset [12] as the low-resolution DSM source, (2) the Forest And Buildings
removed Copernicus DEM (FABDEM) dataset [13] and FathomDEM dataset [14] as the
comparison reference DTM source, (3) the HighResCanopyHeight dataset [58] as the
Canopy Height Map (CHM) source, and (4) the GRSS Data Fusion Contest 2022 (DFC2022
or grss_dfc_2022) dataset [59] as the high-resolution image, DTM and land use mask
sources, to build a dataset for real-world DEM SR problems, denoted here as DFC30
(DFC2022 + FABDEM /FathomDEM + COP30, low-resolution at ~30 m). We note that
while the pixel size of GLO-30 is 30 m, and the actual spatial resolution is unknown, it is
derived from 0.4 arcsecond (~12 m) TanDEM-X data [60].

Table 1 lists DFC30 components information.

Table 1. DFC30 dataset components information.

Component Type Format Pixel Size Year CRS Role
DFC2022 Image Raster 0.5m 2012-2014 EPSG:2154 Guidance data
DFC2022 Mask  Vector  0.25ha 2012 EPSG:2154  Auxilary guidance
DFC2022 DTM  Raster 1m 2019-2020 EPSG:2154 Ground truth
Copernicus GLO-30 DSM Raster 30m 20112015 EPSG:4326 Target data
FABDEM DTM  Raster 30m 20142018 EPSG:4326 Comparison reference
FathomDEM DTM Raster 30 m 20142018 EPSG:4326 Comparison reference
HighResCanopyHeight CHM  Raster Im 20172020 EPSG:3857 Auxilary guidance

EPSG codes refer to their respective standards: EPSG:2154—RGF93 v1/Lambert-93. IGN, Paris, France, 2021.
See EPSG Registry 2154, https:/ /epsg.io /2154, accessed on 15 September 2025. EPSG:3857—WGS 84 /Pseudo-
Mercator. IOGP/EPSG Geodetic Parameter Dataset, London, UK, 2020. See EPSG Registry 3857, https://epsg.io/
3857, accessed on 15 September 2025. EPSG:4326—WGS 84. IOGP /EPSG Geodetic Parameter Dataset, London,
UK, 2022. See EPSG Registry 4326, https:/ /epsg.io/4326, accessed on 15 September 2025.

Among the DFC30 dataset components, the DFC2022 dataset was developed based
on the MiniFrance dataset [61], which defined a 1 km? geographic bounding box for each
sample. The sources of images, land use masks, and DTMs for the DFC2022 dataset are
the BD ORTHO dataset [62], the UrbanAtlas 2012 dataset [63], and the IGN RGE ALTI
dataset [64], respectively. DTMs of the DFC2022 dataset were derived from airborne LiDAR
or correlation of aerial images at a resolution of 1 m, with a vertical accuracy of ~0.2 m in
flood or coastal areas [64]. The DFC2022 dataset comprises 3981 valid samples, each cover-
ing an area of 1 km? of land within the selected sixteen regions in France, with a resolution
of up to 0.5 m. The DFC2022 dataset covers around 4000 km? in total, including urban
and countryside scenes: residential areas, industrial/commercial zones, fields, forests,
sea-shore, and low mountains. Based on the DFC2022 dataset sample boundary, we sup-
plemented the samples with the same boundary from the COP30, FABDEM, FathomDEM,
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and HighResCanopyHeight datasets to constitute the DFC30 dataset. Figure 2 illustrates
the sample locations and data distributions of the DFC30 dataset with an example region
and an example sample.

Sample location in Cherbourg region Region location in France

O [ Sample 1 Region

2500

2000

,J
&
3
Elevation [m]

1000

500

Sample 50-2012-0347-6949-LA9300M50-E08

w A v oo 4
8 3 8 8 3
Elevation [m]

N
S

Remote sensing image Land use mask Ground truth DTM Low-resolution DSM Low-resolution DTM

DFC2022 Raster DFC2022 Vector DFC2022 Raster COP30 Raster FABDEM Raster
0.5m/pixel Up to MMU 0.25 ha 1m/pixel 30m/pixel 30m/pixel
(c)
Elevation distribution Slope distribution Category distribution
0.25 No information
Pastures
0.006 0.20 Arable land (annual crops)
. Forests
> Urban fabric
-‘ﬁ 0.004 0.15 > Herbaceous vegetation associations
c S Industrial, commercial, public, military
g 2 Water
o 0.10 9 _— i

w Open spaces with little or no vegetation
0.002 ] Wetlands
0.05 Permanent crops
Artifical non-agricultural vegetated areas
0.000 0.00 Private and transport units
' 0 1000 2000 3000 o 20 40 60 80 Complex and mixed cultivation patterns
Elevation [m] Slope [degree] Orchards at the fringe of urban classes

(d C) ) (%]

Figure 2. DFC30 dataset sample location, example, and distribution. All 3981 samples in the DFC30
dataset are located in selected sixteen regions of France. Each sample contains a high-resolution image,
a high-resolution land use mask, a high-resolution CHM, a high-resolution DTM, a low-resolution
DSM and two low-resolution DTMs. (a) The location of samples in the example region (Cherbourg);
(b) the locations of 16 regions; (c) an example sample for training; (d) the density distribution by
elevation; (e) the density distribution by slope; (f) the category distribution by percentage.

To improve data transformation efficiency during training, we preprocessed the DFC30
dataset by resampling the data to the target resolution in advance. There are several
constraints in determining an appropriate target resolution:

1. Guidance information degradation: Remote sensing images (or other auxiliary spatial
data) lose detail at lower resolutions. Considering road width, tree canopy radius,
and residential property size, an 8 m resolution is an appropriate threshold. If the
resolution is coarser than 8 m, ground features (e.g., narrow roads, individual trees,
and small houses) may be lost during downsampling to the target resolution from
high-resolution data.

2. Network input limitation: JSPSR only allows input tensors with shapes that are mul-
tiples of 8 (e.g., 128 x 128, 144 x 144, etc.). The input shape of 128 x 128 pixels
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is the minimal adequate size for feature extraction in networks, equivalent to
~8 m resolution.

3. Computational efficiency: training with very high resolution (e.g., 1 m resolution)
data is expensive due to the vast amount of data for training, which will slow the
experiment progress.

Therefore, this work selected resolutions of 8 m and 3 m as the target resolutions
for experiments.

The DFC30 dataset was preprocessed to 8 m and 3 m resolution samples for network
training and evaluation, denoted as DFC30-8m and DFC30-3m , respectively. More details
of data processing are described in Appendix A.1.

3.2. Elevation Data Scaling

As the density plot in Figure 2d shows, the elevation distribution is close to the power
law distribution, which is highly skewed towards zero elevation in an extremely narrow
value range compared to the total value range, which would lead to inferior network
performance [65]. Therefore, we scaled the raw elevation data to mitigate the adverse
effects of data skew by converting the data distribution closer to a normal distribution
using the process described here.

Assuming H' is the elevation of a low-resolution DEM sample i, 1}, is its min-max
scaling result, and a vanilla min—-max data scale can be defined by the following:

Hi— (Hi - Hm> / (Homax — Hyin), (1)

where H,,;;, and Hax are pre-defined minimum and maximum scale range parameters,
respectively. The H,,;, is equal to or smaller than the lowest elevation in all DEMs in
the dataset, and H,,x is equal to or greater than the highest elevation in all DEMs in the
dataset. To simplify the illustration, we assume the overall elevation range of the DEMs is
(=100, 2900), denoted as H i, and Hax, and the elevation difference range (i.e., highest
elevation subtract lowest elevation) in each DEM sample of all DEMs in the dataset is a
(=1, 399) range, denoted as H i and Hamax-

Using a sample from the Marseille-Martigues region as an example (ID: 13-2014
0908-6289 LA93-0M50-E080), Figure 3a shows the three-dimensional visualisation of the
min-max scaled Y channel of the remote sensing image, which has a 0.2 to 0.8 data range.
For comparison, Figure 3b is the min—max scaled DEM in the range (—100, 2900), with a
0.1 to 0.2 data range, which is much narrower than the RGB image value range and highly
skewed towards zero. Considering the fact that the features (such as slope and aspect)
of a DEM will remain if changing the geoid, it will not affect the feature extraction of
the networks if we shift a DEM to a 0-based relative elevation DEM, denoted as L,
by subtracting the lowest elevation of the DEM:

Hi\ = H' — min (H). )

Relative elevation helps reduce data skew by providing a smaller min—max range for scale.
Each DEM can then be min—-max scaled to a 0-based relative elevation, denoted as fo A, using
the following:

H;A = (HIA - /HAmin) /(HAmax - HAmin)/ 3

where the H iy and Hapmgy are pre-defined minimum and maximum scale parameters
of relative elevation in the whole DEMs, specifically (—1, 399) as previous assumption,
improved over seven times regarding the value range (i.e., from (—100, 2900) to (—1, 399)),
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as Figure 3¢ shows. However, although the data distribution becomes more expansive, it
remains skewed towards 0.

Min-max scaled image Y channel Min-max scaled DEM
min=0, max=255 min=-100, max=2900)

o

-

w
Elevation [1/3000 m]

Min-max scaled relative elevation DEM Log-min-max scaled relative elevation DEM
min=-1, max=399 min=-1, max=399

1.0 0.4 0.8
0.8 — 0.7%
03g 063
0.6 * _S_ . %
- 0_2:%‘ 0.5_%
. : Hﬂ"*’ "
@ ' [
. 0.1l 4 033

0.0 0.2

100

150

0
100 >0
150
250277
300

(d)

Figure 3. Data scale results of a sample: (a) min-max scaled image Y channel, min and max
values are the 8-bit integer range; (b) min-max scaled DEM produced using Equation (1), min and
max values are elevation min and max values of the whole dataset (—100 and 2900 in this case);
(c) min—max scaled relative elevation DEM, min and max values are the 0-based relative elevation
min and max values of the whole dataset (—1 and 399 in this case); (d) log-min—-max scaled relative
elevation DEM, min and max values are the same with (c). The log-min—-max scale on the relative
elevations (d) significantly extended the data distribution range and amplified the low-elevation
details, which improves performance in low-relief samples but may undermine feature extraction in
higher-elevation pixels.

Since the logarithmic scale generally reduces power law distribution, we applied a
logarithmic operation to both the numerator and denominator in the relative elevation
min-max scale from Equation (3), to provide the log-min-max scaled elevation, denoted
as Hlog aA’

Hiogar =108 (M = Hain ) / 108(Hoamax — Hamin)- )

As shown in Figure 3d, the distribution of log-min—-max scaled relative elevation DEM is
less skewed and has a wider data distribution.

Figure 4 shows the distributions of the vanilla min-max scaled DEMs (Equation (1))
and the log-min—-max scaled relative elevation DEMs (Equation (4)). Although the log-
min-max scaled relative elevation DEM data distribution (Figure 4b) is still skewed to a
particular value to a degree due to the negative elevation outliers, it mitigates the impact
of the highly skewed data and, hence, is superior to the vanilla min—max scaled data
distribution (Figure 4a).
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Figure 4. Scaled to [0, 1] elevation of different method: (a) min—max scaled elevation distribution,
’Hf;, obtained using Equation (1), and (b) log-min—max scaled relative elevation distribution, 'Hfog QA
obtained using Equation (4). The distribution of (b) is less skewed to 0 than that of (a), which benefits
the performance of networks.

3.3. Joint Spatial Propagation Super-Resolution Networks Design

Compared to SISR methods for DEM SR that only use low-resolution DEMs as input
data, the proposed JSPSRs utilise low-resolution DEMs and guidance data (with or without
auxiliary guidance data), which enables the networks to extract and leverage more features
from input data for regression. However, the guidance data raise challenges regarding
multi-modal feature fusion [66]. Therefore, fusing data with different modalities effectively
and efficiently is the primary concern for the backbone of the JSPSR networks. Furthermore,
unlike popular datasets, such as DIV2k [67], which uses synthetic low-resolution images,
or KITTI [68], which captures point clouds and RGB images simultaneously in the exact
location, the target data (i.e., low-resolution derived DSMs), guidance data, and ground
truth (i.e., high-resolution derived DTMs) are entirely independent. That means that
the same coordinate pixels of different components in a sample may not necessarily be
precisely matched due to time differences and system biases, which requires our network
to learn features and predict output non-locally. Thus, we designed networks focusing on
addressing the above two issues.

Our solution for multi-modal feature fusion is Guided Image Filtering (GIF) (Section 3.3.1).
For pixel mismatch, our solution is non-local SPN methodologies (Section 3.3.2). The out-
line of the proposed approach is illustrated in Figure 1, which shows the coarse architecture.
More details are depicted in Figure 5, which comprises a U-Net [69] structure with multi-
branch encoders and a single-branch decoder, and a SPN module.

3.3.1. Guided Image Filtering

Li et al. [46] proposed the deep joint image filtering network, which sends guidance
input and target input in two branches of convolutional layers separately, then concate-
nates the output of the two branches and extracts features again through convolutional
layers to obtain the feature-fused output. This structure efficiently fuses multi-modal
features (e.g., [43,44,57]). There are two main strategies for multi-modal feature fusion:
early fusion and late fusion. Methods that adopt early fusion depend on the strong feature
extraction ability of the encoder to fuse multi-modal features, which leads to the encoder
being computationally intensive (e.g., PENet [47], with 132 million parameters, and Com-
pletionFormer [49], with 83.5 million parameters). In contrast, methods that adopt late
fusion have a dedicated branch to extract features for each input modality, making the
network more efficient when the number of branches is small. However, the parameter
size increases rapidly with the number of branches using later fusion. Considering SR is a
low-level computer vision task that should ideally not involve high computational costs,
we selected the late fusion mode referring to the guided image filtering theory, as shown in
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Figure 5 (Step 2). The total parameter size of our networks with a two-branch encoder is
29.16 million, and with a three-branch encoder is 43.87 million.

Step 1: Preprocessing Step 2: Feature extraction and fusion

Remote sensing image

Low-resolution DEM

Land use mask
(Optional)

Conv + ReLU
Layer

| g Conv + BN + ReLU
: Layer :

; g ResBiock

i 7 Channel Attention

' Layer

i / Transposed Conv +
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Features Step 3: Refinement

Prediction Ground Truth
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rz‘*
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Figure 5. The architecture of JSPSR and the training workflow. The preprocessing (Step 1, described
in Section 3.1) upsamples the low-resolution DSM to the target resolution as the initial DEM and
sends the initial DEM with guidance image and optional auxiliary guidance data (land use mask in
this case) to the corresponding branch of the backbone for multi-modal feature extraction and fusion
(Step 2, described in Section 3.3.1). The refinement process (Step 3, described in Section 3.3.2) utilises
a non-local SPN to tune the initial DEM based on guidance features extracted from the backbone and
to estimate the SR DEM.

3.3.2. Spatial Propagation Network

The Spatial Propagation Network (SPN) was initially designed to alleviate the depth
mixing problem by learning affinity from guidance features [50]. With the enhancement
of the deformable convolution networks [70], non-local SPN variants have been proposed
(e.g., [44,49,53,57]), which have found that the non-local SPN improves the depth accuracy
on the edge of objects. This attribute could be helpful for DEM SR since our DEMs are
relatively “flat” in most samples (slope smaller than 10°), which means “blur” in the RGB
image perspective. During training, the SPN collects the affinity of eight neighbour pixels
of each pixel to assist elevation prediction and then learns the offset (x and y directions)
and weight (or confidence in some studies [49,53]) in the backpropagation stage, as shown
in Figure 6. After appropriate training, the learnt SPN offset and weight can significantly
contribute to the elevation prediction performance.

We built on DKN [57] and LRRU [44] to implement the non-local SPN refinement
module as shown in Figure 7. The refinement module reconstructs input initial DEMs
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using guidance features in a deformable convolutional layer. It generates deformable
convolutional kernel affinity weight parameters and sampling offset parameters for each
pixel to fulfil non-local learning. It then learns the parameters during training and fine-tunes
the initial DEM elevations. The refinement module has a residual connection between the
initial DEM and the final output to augment high-frequency information and suppress noise.
Therefore, it intrinsically learns the residual between the prediction and the ground truth.
The main differences between our refinement module and the previous SPN refinement
modules are:

|
' ' .
Remote sensing image Low-resolution DSM High-resolution DTM
(Guidance) (Ground truth)

Figure 6. Example of non-local spatial propagation: three pixels (yellow) that select their most similar
neighbour pixels (purple) in eight different directions to assist elevation prediction while ignoring
low-similarity neighbours. This approach alleviates errors caused by pixel mismatches between the
guidance image, the low-resolution derived DEM, and the high-resolution derived ground truth,
as the SPN learns the similarity during training, allowing for pixel offsets in elevation prediction.

Refinement
Inserting zero offset £ X & x W x Ke ermel.size”
B R\ X for the center pixel
Guidance \ \
\
Features R . X et
B ¥ .
Offset of a pixel
\\ 1.3 [-1.2[2.34
} ' 31| 0 |0.88
Mixed Zero-center weights 2z
Features for each pixel H X W x Kernel size ~0.4/2.38/~1.1
Initial R R by mean subtruction
DEM Weight Y offset
of a pixel of a pixel
> —>®—> —Reshape N
Weight -0.06( 0.08 |~0.14| | |-0.8/1.01/43
—0.16| 0.04 | 0.09 3.6| 0 |0.54]
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‘ ayer P  Element Addition

Figure 7. The refinement module structure. It first generates offset prediction and weight prediction
for each pixel in the initial DEM based on mixed features. Then, it utilises a modulated deformable
convolutional layer to sample neighbouring pixels based on the offset and weight to predict the SR
DEM in a non-local style.
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1. Less computing cost: our refinement module runs once per batch during training and
inference, while the previous works need to run iterations per batch;

2. Optimised high-frequency information: our refinement module directly uses initial
DEMs as one of the inputs, and it does not contain a batch normalisation layer,
which gains access to more high-frequency information to contribute to the DEM
reconstruction quality.

3.3.3. Implementation

We selected Python 3.10 and PyTorch 23.05 [71] to implement our framework for train-
ing and evaluating, including data augmentation, data transformer, data loader, network,
loss function, metrics, training procedure, and evaluation procedure.

As shown in Figure 5, initially, low-resolution DEMs are interpolated to the target res-
olution as the initial DEM, similar to SRCNN [19]. Each type of input data (i.e., initial DEM,
guidance image, and auxiliary guidance data) of the networks has its feature extractor
branch (encoder). Among branches, they share features with the DEM branch by concate-
nating. With this structure, the three ResNetBlock [72] layers (two parallel before and one
after the concatenating operation) perform guided image filtering to optimise fusing the
different modality features. Then, the transposed convolutional layers in the decoder fuse
and upsample the features from the encoders to create the guidance features for refinement.
A channel attention layer [73] is located before each transposed convolutional layer to
emphasise significant channels. Ultimately, the refinement module fuses features from
guidance features and initial DEMs through guided image filtering, creating mixed features,
and then generates weight and offset parameters for the deformable layer to predict SR
DEM residuals. In brief, the network has a U-Net encoder-decoder structure with multiple
branch encoders for feature extraction and multi-modal fusion, a single decoder for feature
fusion that serves as a feature pyramid, and a refinement module for reconstructing the
final predicted SR DEMs.

We adopted the following loss functions to supervise the network training progress:
Mean Absolute Error (MAE), denoted as £1, Mean Square Error (MSE), £,, and edge loss,
Ledge, to evaluate the pixel-wise distance between the prediction Zfil 7:[i, where 71/ is the
elevation of the prediction i, and the ground truth YN ; %!

gt/
the ground truth DEM sample i. The loss functions are defined as follows:

where Hét is the elevation of

N . '
Ly=) [H —Hgl (5)
i=1
N . ,
Ly =) (H' —Hy)?, 6)
i=1
N 4
‘Cedge = 2 |Sl - S§t|/ and (7)
i=1
L=MA L1+ A2 Lo+ A3+ Legge, (8)

where S denotes the result of the Sobel operator for edge detection. For the combined
loss function, £, A indicates the weight of a loss. We set A =1, A; =1, and A3 = 0.1 for
optimum performance.

To evaluate the quality of predictions, we defined elevation error as the pixel-wise
deviation between a DEM and its corresponding ground truth. We selected the Root
Mean Square Error (RMSE), elevation median error (Mdn.), Normalised Median Absolute
Deviation (NMAD), absolute deviation at the 95% percentile (LE95), and Peak Signal-to-
Noise Ratio (PSNR) as metrics. These metrics are defined by the following:
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N A, .

i=1

1Y R

Mdn. = 2(% — M) = Qp_y, (05), (10)
1=

NMAD — 1.4826 - (17 — 3 Md 11
=148 .N;(m — My —Mdn.|), (11)
LE95 = me,{?tl (0.95), and (12)
PSNR = 20 - log;(Hmax /RMSE), (13)

where Qs (x) in Equations (10) and (12) means the percentile value at x position in set s.
Humax in Equation (13) denotes the pre-defined maximum of elevation, as mentioned in
Section 3.2.

This metric combination comprehensively considers the accuracy, error distribution,
and sensitivity to outliers. In addition, it facilitates comparison with the existing literature.
Among the metrics, RMSE is the most commonly used and significant criterion. However,
RMSE assumes the errors follow a normal distribution with insignificant outliers, which
is infrequent in DEM studies [74]. In common with previous DEM studies [6,74-76], we
supplemented RMSE with three robust metrics (Mdn., NMAD, and LE95) to describe
the properties of the error distribution in cases where elevation errors are not normally
distributed. Additionally, we utilised PSNR to measure the difference between two images,
serving as a metric for evaluating image reconstruction quality. However, PSNR uses a
pre-defined maximum parameter (#H;qx), which may vary in different datasets, methods or
tasks, causing the PSNR not to be suitable for direct comparison between other studies if
Hnax is different.

Specific details of the metric calculation and dataset training/test split are provided in
Appendices A.2 and A.3, respectively.

3.4. Other Methods for Comparison

We selected three other methods for comparison with JSPSR on the DFC30 dataset:
EDSR [30], CompletionFormer [49], and LRRU [44]. EDSR is a classic method for SISR
problems and has been widely adopted as a baseline in many studies. Unlike the original
implementation, our version of EDSR omitted upsampling layers because we preprocessed
input data to the target resolution. CompletionFormer and LRRU were state-of-the-art
methods for depth completion. Both employ non-local SPN for refinement. However,
CompletionFormer uses an early fusion mode, whereas LRRU uses a late fusion mode.
Among these methods, EDSR and CompletionFormer have single-branch architectures
that can accept arbitrary multi-modal inputs through concatenation. In contrast, LRRU
has a two-branch encoder structure, limiting it to two separate input sources. Since JSPSR
can adapt its encoder structure to two or more input branches, we denote these vari-
ants as JSPSRy}, (2b means two-branch) and JSPSRg}, (3b means three-branch) for clarity.
The attributes of all compared methods are summarised in Table 2.

Due to the differences in size and resolution, it is challenging to directly compare the
metrics between low-resolution DEMs and ground truth DEMs. Therefore, we used bicubic
upsampling of low-resolution DSMs (COP30) and low-resolution DTMs (FABDEM and
FathomDEM) to the target resolution, then calculated metrics between them and ground
truth as baselines to compare with other methods. These are denoted as BaseCOP30,
BaseFABDEM, and BaseFathomDEM.
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Table 2. The attributes of models for comparison.
Method Aim Basic Basic Backbone  Encoder Fusion Refinement Parameter Mult-Adds
Unit Channel Architecture Branch Mode Approach (MB) (&)
EDSR SISR CNN 256 ResNet 1 Early fusion 56.6 1260
ComplitionFormer Depth Completion Transformer 64 U-Net 1 Early fusion Iterative SPN  83.7 44.8
LRRU Depth Completion CNN 16 U-Net 2 Late fusion Pyramid SPN  20.8 68.8
JSPSRyy, DEM SR CNN 32 U-Net 2 Late fusion  One-shot SPN 29.2 66.8
JSPSR3, DEM SR CNN 32 U-Net 3 Late fusion One-shot SPN 43.9 89.4
4. Results

Based on the datasets, networks, loss function, metrics, and procedures described above,
we conducted experiments on the DFC30-8m and DFC30-3m datasets for the 30 m to 8 m and
30 m to 3 m SR tasks, respectively. The following sections will report the experimental setup
and results, including comparison studies, ablation studies, and visualisations.

4.1. Experimental Setup

We deployed JSPSR and other methods for comparison with the DFC30 dataset to
generate ground elevation DTMs with target spatial resolutions of 8 m and 3 m. The training
input data used were from one of the preprocessed datasets (i.e., DFC30-8m or DFC30-3m,
as illustrated in Section 3.1), consisting of low-resolution derived DSMs, high-resolution
derived images, high-resolution derived land masks, and high-resolution derived CHM.
The ground truth data were the high-resolution derived DTMs.

The transformer of our framework first applied 0-based elevation shifting and log-
min-max scaling (Section 3.2) to optimise data distribution, then executed random flip
augmentation horizontally and vertically for data augmentation. The 4D batch size
(Batch x Channel x Width x Height) is configurable: Batch is set from 17 to 70 based
on the maximum GPU memory capacity, Channel automatically fits the input data channel
number, and Width x Height is set to 128 x 128 pixels by default. For DFC30-8m, the trans-
former will not crop it, since each sample is already in a 128 x 128 pixel size. For DFC30-3m,
the transformer crops each sample from 334 x 334 pixels to nine patches of 128 x 128 pixels
in a tiling style, completely covering a sample with overlapped pixels. Thus, the prediction
of a DFC30-3m sample consisted of nine overlapping predicted tiles. We applied a smooth
linear weighting to the overlapped pixels among the nine tiles to generate a seamless 3 m
DTM prediction. When the transformer converts DEMs into input tensors, it preserves
all spatial information (including CRS and coordinates), which are subsequently used to
transform the predicted tensors back into DEM raster files as the final SR predictions.

We adopted AdamW [77] as the optimiser with B; of 0.9, B, of 0.999, weight decay of
107, and a step-decay learning rate scheduler starting from 102 with decay ratio 0.5 and
epoch step 100. The early stop method was applied during the default 300 training epochs.
The computing platform consisted of a Linux workstation equipped with an Nvidia GeForce
RTX 4090 GPU. A Docker container was deployed to build and manage the software
environment, which was pulled from the Nvidia NGC Catalogue (tag: pytorch:23.10-py3).

4.2. Experimental Results

A summary of the experimental results for method and data combination is presented
in Table 3, which reports the overall RMSE results for each. JSPSR achieves the highest
accuracy on both the 30 m to 8 m and 30 m to 3 m SR tasks, improving vertical accuracy
(i.e., RMSE) by 71.74% and 71.1%, respectively, compared to BaseCOP30. Generally, meth-
ods that utilise auxiliary guidance data (i.e., land use masks or CHM) outperform models
that rely solely on image guidance data, as the auxiliary guidance data can contribute to
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network regression, particularly for CompletionFormer, which significantly benefits from
this additional information.

Table 3. RMSE and change percentages of different methods on 30 m to 8 m and 30 m to 3 m SR
tasks. Input data options are DEM, image, land use mask and canopy height map (CHM). The
lower RMSE represents better performance. The value in the A% column represents the change
percentage compared to the baseline values of BaseCOP30, BaseFABDEM, and BaseFathomDEM,
respectively. The 1 or | indicates an increase or a decrease. The bold values highlight the best
prediction performance for the task.

Input Data 30mto8m 30mto3m
Method
DEM Image Mask CHM RMSE A% RMSE A%
BaseCOP30 3.7492 3.7547
BaseFABDEM 1.8443 1.8487
BaseFathomDEM 1.2952 1.2976
1 35.72 J33.52
EDSR v 24101 1 30.68 2.496 1 35.01
1 86.08 192.36
1 46.96 J 64.47
CompletionFormer v v 1.9886 17.82 1.334 1 27.84
1 53.54 12.805
J 65.93 J 60.8597
CompletionFormer v v v 1.2775 1.30.73 1.4696 2051
11.367 113.26
1 68.95 J 65.46
CompletionFormer v v v 1.1643 136.87 1.2967 1 29.86
4 10.11 J 6.94
1 69.58 J70.02
LRRU v v 1.1406 J38.16 1.1256 $39.11
1 11.94 }13.26
$70.71 } 69.87
JSPSRyy, v v 1.0983 1 40.45 1.1314 J 38.8
$15.2 J}12.81
1 71.74 J 711
JSPSR, v v v 1.0596 142,55 1.0851 1413
1 18.19 J 16.38
1 71.61 1 70.6
JSPSR3y, v v v 1.0644 142.29 1.104 } 40.28
117.82 J 14.92

Metric [Unit]: RMSE [m)].

Figure 8 visualises the elevation error distribution and RMSE of the best result from dif-
ferent methods on the DFC30-8m dataset. The COP30 and its derived DEMs (i.e., FABDEM
and FathomDEM) show a bias compared to the LIDAR-derived ground truth DEMs. All
deep learning models corrected the bias and showed prediction error centred at 0. JSPSR
has a narrower error distribution and obtains better performance.

The detailed results of all metrics used (detailed in Section 3.3.3) are reported in
Table 4. JSPSR achieves the best or second-best value in all metrics, indicating that its
prediction has optimal vertical accuracy, statistical distribution, and image reconstruction
quality. Among the compared methods, EDSR achieves the lowest performance because
SISR-derived approaches estimate predictions based on low-level image features, such as
textures extracted from input data, which are not rich in DEMs, especially in low-relief areas.
Unlike SISR approaches, depth completion approaches are designed to fuse multi-modal
data and utilise the rich features from guidance data (i.e., images or other spatial data)
to estimate depth. Therefore, both depth completion methods, CompletionFormer and
LRRU, significantly improve performance compared to approaches that only input DEMs.
However, the dataset for depth completion problems is much larger and more complex
than DEMs, leading to the depth completion networks generally containing massive neural
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network layers and multi-iterative refinement modules, such as GuideNet [43], PENet [47],
RigNet [78], CompletionFormer [49], and LRRU [44], that may be unnecessary or adverse
to DEM SR tasks due to overfitting. On the contrary, JSPSR achieved superior performance
with relatively fewer network parameters and a one-shot refinement, thereby reducing the
computing cost.

Elevation error distribution in [-5, 5] m Elevation accuracy

o AT 11 Method BaseCOP30
- B BaseCOP30
BaseFABDEM
08 W BaseFathomDEM BaseFABDEM
. EDSR
> mmmm CompletionFormer . BaseFathomDEM
£06 . LRRU o
= JSPSR % EDSR 241
o
0o4 = CompletionFormer
0.2 LRRU
JSPSR
0.0

4 0 2
Elevation error [m] RMSE [m]

(@) (b)

Figure 8. Comparison between baselines and the best prediction of methods. (a) Elevation error dis-
tribution between —5 m and 5 m. (b) Elevation vertical accuracy (30 m to 8 m task, best performance
of a method and guidance data combination).

Table 4. Metrics of different methods on 30 m to 8 m and 30 m to 3 m SR tasks. Input data options are
DEM, image, land use mask and canopy height map (CHM). The |, |||, and T mean the lower, the
lower absolute, and the higher value represents better performance for the metric, respectively. The
red colour value is the best value of a metric in an SR task, while the blue is the second-best.

Input Data Metric
Task Method

DEM Image Mask CHM RMSE| Median||| NMAD| LE95] PSNR?
BaseCOP30 3.7492 —0.587 0.8703 9.0313  47.8815
BaseFABDEM 1.8443 —0.723 0.7232 3.2182  54.0436
BaseFathomDEM 1.2952 —0.8614 0.4617 2.131 57.1138
EDSR v 24101 —0.0903 0.6661 4.6267  51.7197
30m  CompletionFormer v v 1.9886 —0.3672 0.5926 2.8239  53.6744
to CompletionFormer v v v 1.2775 —0.0818 0.5637 22473  57.5184
8m  CompletionFormer v v v 1.1643 —0.053 0.5164 1.8621  58.0388
LRRU v v 1.1406 —0.1391 0.5093 1.926 58.2175
JSPSRyy v v 1.0983 —0.0714 0.5094 1.8641  58.5463
JSPSRg}, v v v 1.0596 —0.057 0.4931 1.7929  58.8572
JSPSR3;, v v v 1.0644 —0.0414 0.4761 1.7939  58.8182
BaseCOP30 3.7547 —0.587 0.8704 9.0496  47.9062
BaseFABDEM 1.8487 —0.7235 0.7256 3.2316  54.0605
BaseFathomDEM 1.2976 —0.8612 0.4644 21396  57.1345
EDSR v 2.496 —0.1246 0.5945 4.7755  51.4528
30m  CompletionFormer v v 1.334 —0.1522 0.5058 21605  56.9594
to CompletionFormer v v v 1.4696 —-0.1149 0.5241 23354  56.3014

3m  CompletionFormer v v v 1.2967 —0.0895 0.5375 2.0565 57.141
LRRU v v 1.1256 —0.1039 0.5494 1.825 58.3698
JSPSRyy, v v 1.1314 —0.1481 0.4989 1.8444  58.3255
JSPSRyy, v v v 1.0851 —0.0163 0.5235 1.7975  58.6884
JSPSRg}, v v v 1.104 —0.0883 0.5094 1.8271  58.5379

Metric [Unit]: RMSE [m], Median [m], NMAD [m], LE95 [m], PSNR [dB].

Beyond quantitatively comparing prediction performance, we evaluated inference
time and GPU memory consumption to compare the computing cost among selected
methods on the DFC30-8m dataset, as shown in Table 5. The input data resolution is 8 m,
and the size is 128 x 128, with a batch size of one. PyTorch application programming
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interfaces (APIs) are utilised to measure the GPU inference time and memory costs precisely.
We inferred all 799 test samples and calculated the average values (except for the first
inference, which was affected by extra overhead from PyTorch). The experimental results
indicate that JSPSR achieves the fastest inference speed and moderate memory consumption
on GPUs. It is worth mentioning that our end-to-end DEM SR approach incurs an additional
CPU computing cost for resampling low-resolution DEMs to the target resolution using
GDAL [79], which typically takes less than 0.3 ms to resample a 128 x 128 sample using
GDAL on a 4 GHz CPU core.

To visually compare the SR reconstruction quality, we selected two extreme scenarios
for comparison: the most improved and the least improved cases using JSPSR. Figure 9
displays the most improved JSPSR prediction compared to BaseCOP30. In this case,
the BaseCOP30 RMSE of this sample is 15.58 m, while the JSPSR prediction RMSE is 3.29 m,
representing an improvement of 78.9%. EDSR and CompletionFormer appear underfit,
which does not account for part of the canopy height. The predictions of LRRU and JSPSR
acquire higher quality than those of other methods. However, the LRRU prediction displays
signs of overfitting, as small stripes appear in pixels with very low relief.
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Figure 9. Comparison among predictions of different methods in the case of the most improved
prediction with JSPSR compared to BaseCOP30, displayed in the format of elevations and residuals
to the ground truth with partially enlarged details. The number in the top right corner is the
RMSE of this sample/prediction. (30 m to 8 m SR task, image guidance only, sample ID: Lille
59-2012-0703-7040 LA93-0M50-E080).
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On the other hand, Figure 10 displays the least improved JSPSR prediction compared
to BaseCOP30. The RMSE of this BaseCOP30 sample is 2.75 m, while the JSPSR prediction
RMSE is 3.39 m, increasing 23.3%. All the methods try to predict the depth of the ditch
covered by vegetation. However, they all overestimate the depth of the ditch, leading to
the raw input data achieving the best performance. It highlights that predicting elevation
under vegetation is a challenge for all DEM SR methods in this context.
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Figure 10. Comparison among predictions of different methods in the case of the least improved
prediction with JSPSR compared to BaseCOP30, displayed in the format of elevations and residuals
to the ground truth with partially enlarged details. The number in the top right corner is the
RMSE of this sample/prediction. (30 m to 8 m SR task, image guidance only, sample ID: Angers
49-2013-0415-6696 LA93-0M50-E080).

Table 5. Computing cost comparison of different methods on the DFC30-8m dataset. The inference
sample size is 128 x 128, and the resolution is 8 m. GPU time and GPU memory usage are the average
computing costs of inferring 798 test samples. The red colour value is the best in a column, while the
blue is the second-best.

Parameter Mult-Adds GPU Time GPU Memory
Method (MB) @) (ms) (MB)
EDSR 56.6 1260 18.3691 228.6
ComplitionFormer  83.7 44.8 13.9568 371.6
LRRU 20.8 68.8 5.7059 164
JCDSRy, 29.2 66.8 3.9759 235.2

JCDSR3}, 439 89.4 5.1521 320.5
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4.3. Ablation Studies

We conducted experiments on the DFC30-8m dataset to evaluate the effectiveness of
the proposed method’s components, guidance data, and generalisation.

4.3.1. Effectiveness of Proposed Data Scale Method

Data preprocessing is a fundamental factor in determining the quality of training.
Before the low-resolution DSM (COP30) is transformed to tensors for training, they are
interpolated to the target resolution using the bicubic algorithm, augmented with random
flips and then scaled to [0, 1] using a relative elevation log-min-max scale, as illustrated in
Section 3.2. We conducted experiments to compare the effectiveness of the relative elevation
log-min-max scale, as shown in Table 6. The RMSE decreased by 14.9% when guidance
data consisted of images, and by 12.7% when guidance data consisted of images and land
use masks, indicating that our relative elevation log-min—-max scale method effectively
improves network performance.

Table 6. RMSE comparison between with and without relative elevation and log-min—-max
scale in 30 m to 8 m SR task (image guidance only). The | means the lower value represents
better performance.

Method Guidance Data Relative Log-min-max RMSE |
Image Mask Elevation Scale
v 1.29
v v 1.1787
v v v 1.0983
J5PSR v v 12136
v v v 1.1482
v v v v 1.0596

Metric [Unit]: RMSE [m].

4.3.2. Effectiveness of Guidance Data

The impact of different guidance data on JSPSR is reported in Table 7. We conducted
experiments on EDSR and JSPSR to evaluate the significance of guidance data, including
images, land-use masks, and CHMs. We also assessed JSPSR performance without image
guidance, using only the land use mask or CHM auxiliary guidance. The experimental
results confirm the significant enhancement of guidance images. With guidance images,
EDSR performance significantly improved by over 30% compared to without guidance
images. JSPSR also improved with guidance images compared to without guidance images.

Table 7. RMSE of JSPSR on 30 m to 8 m and 30 m to 3 m SR task. Input data options are DEM,
image, land use mask and canopy height maps (CHM). The | means the lower value represents
better performance.

Guidance Data RMSE |
Method
DEM Image Mask CHM 30mto8m 30mto3m
EDSR v 2.4101 2.496
EDSR v v 1.5816 1.6258
JSPSR v v 1.0983 1.1314
JSPSR v v 1.1984 1.2231
JSPSR v v 1.0986 1.1506
JSPSR v v v 1.0596 1.0851
JSPSR v v v 1.0644 1.104

Metric [Unit]: RMSE [m].
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Regarding the two types of auxiliary guidance data, their contributions are contingent
upon specific conditions. Incorporating the guidance images, since CHM can be directly
learnt from ground truth, the contribution of CHM is slightly less significant than that
of land use masks, which contain more additional information than CHM. Without the
guidance images, the networks appear less effective with auxiliary guidance land use
masks than CHM.

4.3.3. Comparison of Data Fusion Operations for Guided Image Filtering (GIF)

JSPSR adopts the GIF method for feature extraction and multi-modal fusion. In gen-
eral, there are three simple operations for fusing features between the encoder and decoder
branches: addition, concatenation, and filtering. The addition and concatenation ap-
proaches are fundamental operations for binding features together. The addition operation
adds different features element-wise, while the concatenation operation stacks different
features in the channel dimension. The filtering approach uses convolutional kernel filters
(e.g., LRRU [44]) or customised kernel filters (e.g., GuideNet [43]) to fuse features. Many
other elaborate approaches for multi-modal data fusion have been proposed [80], but they
are outside the scope of this work. We assessed the effectiveness of addition, concatenation,
and convolutional kernel filtering, as shown in Table 8, which suggests that the concatena-
tion approach achieves better performance under similar parameters and computational
costs on the DFC30-8m dataset.

Table 8. RMSE comparison among different fusion operations on DFC30-8m dataset. The | means
the lower value represents better performance.

Guidance Data Operation
Method RMSE |
Image Mask Addition Concatenation  Filtering
v v 1.2649
v v 1.0983
v v 1.1527
JSPSR v v v 1.22
v v v 1.0596
v v v 1.1592

Metric [Unit]: RMSE [m)].

4.3.4. Effectiveness of Refinement Module

The refinement module is a prominent component for depth completion approaches.
It is also a significant difference between the proposed JSPSR and SISR-derived methods.
Table 9 compares the metrics with or without the refinement module for EDSR and JSPSR
on the DFC30-8m dataset. It reported that the refinement module improved network
performance remarkably (up to 48.3% on RMSE), even though the network was an SISR
method (EDSR), which was enhanced by 48% on RMSE with the guidance image and
refinement module.

Table 9. RMSE comparison with or without refinement module on DFC30-8m dataset. The | means
the lower value represents better performance.

Guidance Data

Method Refinement RMSE |
Image Mask
EDSR 2.4101
EDSR v 1.5816
EDSR v v 1.2518
JSPSR v 1.4034
JSPSR v v 1.0983
JSPSR v v 2.0497
JSPSR v v v 1.0596

Metric [Unit]: RMSE [m].
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4.3.5. Generalisation

Generalisation is a crucial ability to predict unseen data. The fixed train/test split in
previous experiments cannot assess the generalisation of the proposed method. To evaluate
model generalisation, we conducted experiments on different train/test splits using the
k-fold cross-validation method, specifically setting each region as the test set and the rest of
the fifteen regions as the training set. The results are reported in Table 10. Most regions
achieved over 50% improvement compared to BaseCOP30, and over 20% improvement
compared to BaseFABDEM and BaseFathomDEM. However, the two high slope regions
(Nice and Marseille-Martinique) achieved underperforming results. A possible reason is
that these are the only two regions (Nice and Marseille-Martinique) in the mountainous
area of the DFC30 dataset, leading to the high-slope areas being under-fitted during
training. Evidence is that the third high slope region (Clermont-Ferrand) achieved a 63.63%
improvement compared to BaseCOP30, as the two mountainous regions are included in
the training set, allowing the network to learn enough features of high slope samples,
compared to learn from only one mountainous region. In general, the model generalisation
of JSPSR is robust, except for high-slope regions due to the insufficiency of high-slope
samples in the DFC30 dataset.

Table 10. 16-folder cross-validation on 30 m to 8 m SR task (image guidance only). The region name
indicates that the region serves as the test set, and the remaining 15 regions are used as the training set.
“COP.”, “FAB.”, and “Fat.” represent BaseCOP30, BaseFABDEM, and BaseFathomDEM, respectively.
A% represents the metric change percentage compared to baselines. The 1 or | indicates an increase
or a decrease. The value after 1 or | is the change percentage compared to baselines. The red values
highlight the most improvement, while the blue values highlight the lowest.

Pixel Slope® RMSE
Region o A%COP. A%FAB. A%Fat.
° Avg. Std. COP. FAB. Fat. JSPSR

Angers 6.18 2.25 347  3.8748 2.0467 13129 1.0421 | 73.11 1 49.08 4 20.63
Brest 4.32 343 5.05 29449 20794 14164 1.0825 | 63.24 1 47.94 J 23.57
Caen 6.30 3.14 423 35006 2.0156 1.2933 09893 | 71.74 4 50.92 J23.51
Calais Dunkerque 6.43 2.83 417 29356 1.6401 1.1805 1.2083 | 58.84 126.33 12.35
Cherbourg 2.84 3.63 450 28535 1.6931 15612 09416 |67 1 44.39 J39.69
Clermont-Ferrand 7.54 7.53 7.52 6.0747 3.1155 1.9411 22093 | 63.63 1$29.09 113.81
LeMans 5.38 264 348 5.7566 25362 1.2973 1.4077 | 75.55 1 44.5 18.51

Lille Arras Lens Douai Henin
Lorient

Marseille Martigues

Nantes Saint-Nazaire

Nice

Quimper

Rennes

Saint-Brieuc

Vannes

1022 2.00 3.12 3.4944 1.6858 12455 1.1283 | 67.71 133.07 1941
3.01 4.55 573 49893 2.8006 22847 2.1124 | 57.66 12457 }7.54
7.76 8.66 1048 3.0760 28171 22974 22606 | 26.51 1 19.75 J 16
10.88  2.06 3.01 27932 13676 1.1422 07918 | 71.65 1421 1.30.68
8.36 2352 1310 7.0960 5.8516 4.9287 5.6147 | 20.88 1 4.05 113.92
387 389 454 3.1250 1.8856 1.3329 09765 | 68.75 148.21 126.74
9.82 2.82 3.34 3.7086 1.8336 14373 11217 | 69.75 1 38.83 121.96
342 373 484 43080 23262 1.2925 12245 | 7157 1 47.36 1 5.26
367 3.08 4.03 41938 19065 1.3968 1.1261 | 73.15 140.93 119.38

Metric [Unit]: RMSE [m)].

4.4. Assessment of JSPSR Predictions by Topographic Context

The experimental results above validated the performance of the proposed method
under various conditions. However, it does not take into account topographic attributes.
In this section, we analyse the prediction of the proposed method in the topographic context.

4.4.1. Vertical Accuracy by Slope

Topographic slope is strongly influenced by DEM resolution due to the scale difference
of a point under different resolutions [81]. Generally, lower elevation accuracy will be
measured where an SR output has a higher slope. Thus, we assessed the RMSE based
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on different slope ranges (<5°, 5—10°, 10—25°, and >25°), as shown in Table 11, which
indicated that accuracy decreased as the slope increased. However, JSPSR achieved superior
accuracy across all slope ranges (except when the slope exceeded 25° on the 30 m to 8 m
SR task), outperforming BaseCOP30 (an improvement of up to 73.2%), BaseFABDEM (an
improvement of up to 43.65%), and BaseFathomDEM (an improvement of up to 17.72%),
particularly in low-relief areas.

Table 11. RMSE comparison under different slope ranges on 30 m to 8 m and 30 m to 3 m SR
tasks. A% represents prediction RMSE change percentage compared to BaseCOP30, BaseFABDEM,
and BaseFathomDEM, respectively. The | or 1 indicates an increase or decrease compared to the
corresponding baseline.

Guidance Data Overall Slope 0-5° Slope 5-10° Slope 10-25° Slope > 25°
Task Method
Image Mask RMSE A% RMSE A% RMSE A% RMSE A% RMSE A%
BaseCOP30 3.7492 3.5789 5.1544 6.611 7.1176
BaseFABDEM 1.8443 1.7021 2.7953 4.017 6.0347
BaseFathomDEM 1.2952 1.1656 2.0447 3.1646 5.5909
30m 17071 1732 164.94 15449 1218
to v 1.0983 1 40.45 0.9591 } 43.65 1.8072 1 35.35 3.0084 1 25.11 5.566 1777
LT — 1152 117.72 11162 1494 1045
17174 17437 1653 156.43 116.23
v 1.0596 14255 09174 }46.1 1.7888 136 2.8803 1283 5.9622 112
118.19 121.29 11252 1898 16.64
BaseCOP30 3.7547 3.569 5.077 6.067 5.81
BaseFABDEM 1.8487 1.7077 2.6284 3.5545 4.6316
BaseFathomDEM 1.2976 1.17 1.9 2.765 4.1696
30m 1 69.87 17176 J 66.58 } 58.57 1 34.46
to v 1.1314 1 38.8 1.0079 } 40.98 1.6968 1 35.44 2.5133 129.29 3.8077 117.79
3m JSPSR 112.81 1 13.85 1 10.69 191 1 8.68
1711 17297 16771 160.05 13761
v 1.0851 1413 0.9648 1 43.5 1.6396 1 37.62 2.424 131.8 3.625 121.73
1 16.38 }17.54 113.71 112.33 1 13.06

Metric [Unit]: RMSE [m)].

One of the reasons for lower performance in the higher slope range is that the slope
distribution of the DEM30 dataset is highly skewed. The pixel percentage of each slope
range is approximately 93% (<5°), 5% (5-10°), 1.6% (10-25°), and 0.1% (>25°), leading to
potential under-fitting when pixel slopes become higher.

4.4.2. Vertical Accuracy by Land Use Mask Categories

Land use masks present the various land use or land cover categories, including water,
urban fabric, pastures, forests, and others. They affect prediction accuracy due to the
inclusion of semantic information from classification and segmentation. This semantic
information may facilitate feature extraction and fusion when different data (e.g., images,
DEMs, and land use masks) are pixel-wise matched. However, it may introduce noise if they
are widely mismatched, which can impair prediction performance. Since the land mask
classes are highly unbalanced, as shown in Table 12 (pixel percentage column), the RMSE of
each category does not reveal the correlations between JSPSR and land use mask categories.
However, by comparing the results with and without the land use mask guidance, we
determined which category benefits the most (or least) from the land use mask guidance.
Additionally, comparing predictions and baselines by land use mask classes helped to
evaluate the network’s performance and limitations. Figure 11 demonstrates elevation
profiles from several samples to show the detailed elevation compared with baselines.
Although several elevation profiles do not have a statistical meaning, it is a straightforward
way to reveal whether a method is effective.



Remote Sens. 2025, 17, 3591 25 of 34

Table 12. RMSE comparison by land use mask classes on 30 m to 8 m SR task. “COP.”, “FAB.”, and
“Fat.” represent BaseCOP30, BaseFABDEM, and BaseFathomDEM, respectively. “W/O.” and “W.”
mean without the land use mask guidance and with the land use mask guidance. The A% represents
RMSE change percentage compared to baselines and W/O. The | or 1 indicates an increase or
decrease. The red values highlight the most improvement, while the blue values highlight the lowest.

Pixel Slope® RMSE A% WIO. A% W.
%  Avg. Std. COP. FAB. Fat. W/O. W. COP. FAB. Fat. COP. FAB. Fat W/O.

0 24.42 1.92 2.52 415 1.8994 14645 1.3983 13318 663 2638 452 6791 [2988 |9.06 476
1 8.93 1.92 2.07 1.8552 1.274 1.1689 0.67 0.66 16389 4741 |4268 |6442 [4819 [4354 [149
2 7.27 222 2.89 21557 14947 13074 09651 0.9234 | 5523 |3543 [2618 |57.16 [3822 [2937 |4.32
3 0.53 494 8.29 32909 3.2024 2.998 2.8292 3.0121 | 1403 J11.65 |563 847 [594 1047 1646
4 1.31 2.63 3.95 47996 29084 15242 1.5493 1.578 16772 14673 1165 6712 [|4574 1353 1185
5
6
7

3519 164 178 14872 12024 09892 05649 05396 | 62.02 [53.02 |42.89 [6372 |5512 |4545 |4.48
086 293 23 09703 09784 09569 05286 0.5856 4552 | 4597 4476 |39.65 14015 |388 11078
1894 207 236 20208 13587 1.1338 06276 0.6287 6894 |5381 |44.65 |6889 |5373 |4455 10.17

10 781 305 412 98595 40118 17801 21412 2.0479 7828 |46.63 12029 |79.23 14895 11504 1436

11 0.1 3.88 5.4 2.8077 17666 1.7443 13312 1.1125 [ 5259 [24.65 |23.68 6038 |37.03 |[3622 |1643
12 0.07 1.77 3.1 3.0564 3.1069 2.8956 2.2358 1.958 12685 [28.04 |2279 |3594 [|3698 |[3238 |1243
13 0.39 1.3 2.55 1.5092 1.0942 1.1734 05971 05517 | 60.44 |4543 |49.11 [|63.44 |4958 [5298 |76

14 1.38 1.44 3.1 2.7732 26266 25293 1.8475 1.8838 3338 |29.66 2696 |3207 |2828 2552 11.96

Class Name

1 Urban fabric 2 Industrial, commercial, public, military, private and transport units
3 Mine, dump and construction sites 4 Artifical non-agricultural vegetated areas 5 Arableland (annual crops)
6 Permanent crops 7 Pastures 10 Forests

11 Herbaceous vegetation associations 12 Open spaces with little or no vegetation 13 Wetlands

14  Water 0 Noinformation

Metric [Unit]: RMSE [m)].
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Figure 11. Elevation profiles by land use mask classes. The red-dashed lines are elevation cross-
section projections on the remote sensing images. (a) Class 1 (urban fabric). (b) Class 2 (industrial,
commercial, public, military, private, and transport units). (c) Class 5 (arable land (annual crops)).
(d) Class 10 (forests) and 14 (water). (30 m to 3 m SR task, image + land use mask guidance).
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Based on the statistics in Table 12, the RMSE of SR predictions with land use mask
guidance was slightly better than the RMSE without land use mask in general. Specifically,
the land use mask guidance contributed the most to class 11 (herbaceous vegetation associa-
tions), where the RMSE improved by 16.43% compared to the same condition without land
use mask guidance. In contrast, the guidance data reduced network performance by 10.78%
in class 6 (Permanent crops). Compared to the baselines, the most significant difference is
the FathomDEM RMSE of class 10 (Forests), which is superior to all other categories because
FathomDEM utilises canopy height for training and dramatically improved canopy height
prediction performance. All other categories basically follow the rule that a lower slope
performs better, except for the forest category, which contains relatively more high-slope
pixels, yet achieves the best performance.

The statistics may imply that (i) land use mask guidance contributed less when the
class segmentation boundaries are less accurate in higher slope areas; (ii) land use mask
guidance were helpful when a class had apparent visual features (e.g., buildings, wetlands
and forests); (iii) land use mask guidance may have decreased prediction performance
when a class was visually ambiguous with other classes (e.g., class 11 herbaceous vegetation
may look similar with class 5 agricultural vegetation); and (iiii) the influence of slope on
performance is more significant than that of classes.

4.4.3. Vertical Accuracy for DSM to DTM

If the SR DEMs are downsampled back to the original low resolution, the results
are equivalent to those of DSM-to-DTM processing (i.e., correction of errors without SR).
To facilitate direct comparison with other datasets, we resampled the prediction SR DEMs
from 8 m and 3 m to 30 m resolution, creating DTMs with the exact grid spacing as the
input low-resolution DEMs (~23.985 m). These DTMs can be used as DEMs with trees
and buildings removed, which are functionally similar to FABDEM and FathomDEM.
To maximise the use of predictions, we reprojected the original COP30, FABDEM and
FathomDEM samples from EPSG:4326 to EPSG:2154. The quantitative comparison of
elevation accuracy is reported in Table 13, indicating that our method outperforms COP30,
FABDEM, and FathomDEM by over 70%, 40% and 17%, respectively, in terms of RMSE for
DSM-to-DTM tasks on the DFC30 datasets.

Table 13. Accuracy comparison among COP30, FABDEM, FathomDEM, and SR prediction at 30 m
resolution. The subscript “2154” indicates that it reprojects from EPSG:4326 to EPSG:2154. A%
represents RMSE change percentage compared to baselines. The | indicates a decrease.

8mto30m 3mto30m
Type DEM
RMSE A% RMSE A%
DSM COP305154 3.7482 3.7393
DTM FABDEMj154 1.8312 1.8274
DTM FathomDEMj154 1.2737 1.2721
$72.02 $71.76
DTM JSPSR 1.0488 14273 1.0558 14222
1 17.66 17

Metric [Unit]: RMSE [m)].

5. Discussion

The most significant benefit of JSPSR over SISR-derived methods, such as EDSR,
is its fundamental approach to the problem. EDSR treats a DEM as a standard image,
aiming to synthesise high-frequency texture details [30]. However, DEMs, especially
high-resolution DEMs in low-relief areas, are devoid of such textures, leading to EDSR
underperformance (RMSE of ~2.4 m). In contrast, JSPSR re-frames the task as a height
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correction problem in three-dimensional space. By leveraging guidance from imagery
and other spatial data, it learns to correct elevations based on information from different
modalities (e.g., image features and semantic features) rather than merely elevation. This
results in a 56% improvement in RMSE over EDSR.

In addition, the benefit of the tailored data scaling is worth emphasising. Severe
skew in elevation values towards zero is characteristic of real-world, high-resolution DEMs
in low-relief areas and hinders neural network performance [65]. The proposed relative
elevation log-min—-max scaling method was explicitly designed to address this distribution
flaw. The ablation study confirmed that this approach alone provided a ~15% boost in
RMSE. This improvement is applied universally across all models under examination,
including the other two compared models (i.e., DepthCompletion and LRRU).

However, the model’s performance in high-relief areas reveals a key limitation: its
dependence on the topographic diversity of the training data. Future work will focus on
incorporating more varied and balanced terrain into the training process and exploring
the integration of additional data modalities, such as multispectral imagery and ICESat-2
(Ice, Cloud, and Land Elevation Satellite-2) data, to improve generalisation and overcome
persistent challenges like accurately estimating ground elevation under dense vegetation.

Due to its multi-modal fusion capabilities, JSPSR has considerable potential for ap-
plication in other geospatial tasks, such as remote sensing images of trees (or buildings,
riverbanks, water, etc.) segmentation. Existing segmentation methods mainly utilise a sin-
gle input data during training of networks (excluding post-processing, which may involve
other data), such as images or point clouds, to predict semantic boundaries. They either lack
height information or vision information, which limits the network performance. JSPSR can
simultaneously join two or more modalities to predict segmentation, thereby potentially
achieving superior performance. Moreover, JSPSR strikes an exceptional balance between
performance, parameter efficiency, and inference speed. These advantages open new possi-
bilities for large-scale hydrological modelling, flood risk assessment, and environmental
monitoring, particularly for researchers and organisations operating with limited resources.
Further research is required to test JSPSR for additional locations and its implications for
hydrological model accuracy.

While commercial high-resolution DEMs from corporations like Airbus (WorldDEM)
or Maxar (Precision3D) exist, this study addresses a critical problem: the urgent need for
high-quality, open-access, and globally consistent bare-earth elevation data. The signifi-
cance of the JSPSR method lies not in its ability to compete with commercial products in
terms of absolute accuracy for a specific locale, but rather in offering a viable, scalable,
and democratising alternative for applications where commercial data is impractical. It pro-
vides an option to a future where anyone, anywhere, can access high-resolution bare-earth
elevation data without prohibitive cost, licensing restrictions, or concerns about data con-
sistency, as called for by Schumann and Bates [17]. As outlined by Winsemius et al. [82] in
their response, such a DEM would find uses beyond flood hazard assessment, including in
morphology, cadastral digitization and landslide predictions. Winsemius et al. [82] further
call for such efforts to be concentrated in areas which may benefit most, especially devel-
oping countries with no local resources available to obtain or produce a high-resolution,
high-accuracy DEM, particularly given the disproportionally high exposure of poor people
to floods and droughts [83]. Our JSPSR method is able to achieve improved accuracy and
spatial resolution at lower computational cost, from widely available high resolution im-
agery alongside global elevation data, and may be further improved through the inclusion
of additional guidance data.
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6. Conclusions

This study successfully introduced and validated the Joint Spatial Propagation Super-
Resolution networks (JSPSRs), a novel deep learning framework that addresses the critical
challenge of generating high-resolution, high-accuracy bare-earth DEMs from globally
available, low-resolution DSMs. In addition, it developed a ready-to-analyse dataset for
real-world DEM SR problems based on publicly accessible datasets in low-relief areas.
By integrating principles from depth completion, specifically Guided Image Filtering (GIF)
and non-local Spatial Propagation Networks (SPNs), and the relative elevation log-min—
max scaling, JSPSR demonstrates a significant advancement over existing Single Image
Super-Resolution (SISR) methods for real-world DEM enhancement. The experimental
results suggest that JSPSR outperforms the investigated interpolation, SISR and depth
completion methods in real-world DEM SR tasks. By learning from the guidance data,
our method improved accuracy (RMSE) by 71.74% and reconstruction quality (PSNR) by
22.9% on the 30 m to 8 m resolution task compared to Bicubic interpolation. Compared to
EDSR in the same task, it decreases RMSE by 56.03% and increases PSNR by 13.8%. Our
method may have the potential to be applied to other elevation-related tasks. For DSM-to-
DTM problems, our method achieved a 72.02% accuracy improvement (RMSE) at the 30 m
resolution compared to COP30, outperforming FathomDEM by 17.66%. If this improvement
can be replicated for other locations, it would enable the development of an accurate, global,
low-cost, high-resolution bare-earth elevation model.
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Appendix A. Supplementary Methods
Appendix A.1. Data Assembly

Figure A1 summarises processes from source data to training tensors. The DFC2022
dataset provides land-use mask data for two regions, derived from the Urban Atlas 2012
dataset. For the remaining fourteen regions, we supplemented the land use masks with
those from the Urban Atlas 2012 dataset. To avoid class mixing (multi-class pixels) when
rasterising and resampling the land use masks from vector to raster, we converted the
original vector data to one-hot multi-channel raster data, where each class has a dedi-
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cated channel, allowing a pixel to belong to different classes simultaneously (process 1 in
Figure Al). We dropped the test partition of the DFC2022 dataset because it lacks georefer-
ence information. Since the Urban Atlas 2012 dataset covers smaller areas than images and
DEMs, pixels excluded from the Urban Atlas 2012 dataset coverage were categorised as the
“No information” class. In addition, for the consistency and integrity of raster data, we filled
no-data pixels (mainly water areas) in high-resolution DTMs using COP30 corresponding
pixels (process 2 in Figure A1), ensuring all DTM pixels were valid for model training and
testing. In addition, all samples were transformed to a Coordinate Reference System (CRS)
of EPSG:2154 (Lambert-93/RGF93 vl—France) (process 3 in Figure A1), the same as the
DFC2022 dataset, to maximise the use of the high-resolution data.

MiniFrance DFC2022 DFC30

BD ORTHO ——>» Image —_— Image ——> High-resolution image

B High-resolution
UrbanAtlas 2012 —>»  Land use mask ———>»  Land use mask 1—> [ fy—

RGE ALTI R E—— DTM —2—>» High-resolution DTM
FathomDEM 3 —>» Low-resolution DTM
FABDEM 3 —>» Low-resolution DTM

Copernicus DEM GLO-30

—>» Low-resolution DSM

w

HighResCanopyHeight 3 —> High-resolution CHM
, :
4 5
\4 A4
Processes DFC30-8m DFC30-3m

1. Land use mask enhancement

T High-resolution High-resolution
* Supplement missing data; derived image derived image
* \/ector to raster;
+ One-hot encoding; High-resolution High-resolution
+ Extend channels. derived derived

Land use mask

Land use mask

2. Fill nodata
High-resolution High-resolution
’ * Fill no data with COP30. ‘ ‘ derived DTM derived DTM
3. Reprojection Low-resolution Low-resolution
’ + Reproject CRS to EPSG:2154. ‘ I geriec i Cegiiec DI
A ——_.. Low-resolution Low-resolution
2L EOT g derived DTM derived DTM
* Resample to 8 meter/pixel;
* Pad to 128x128 pixel. Low-resolution Low-resolution
derived DSM derived DSM

5. Data pre-processing

|

High-resolution High-resolution
derived CHM derived CHM

| |
+ Augmentation; 6 6
* Crop to 128x128 pixel (optional); \J v
+ Relative elevation;
* Log-min-max scaling.

* Resample to 3 meter/pixel. ‘ I

6. To tensor

Tensor for 30 mto 8 m Tensor for 30 mto 3 m

Figure A1. Data assembling and processing workflow. The MiniFrance dataset [61] first defined the
geospatial boundary of samples and clipped samples from the remote sensing image dataset BD
ORTHO [62] and the land use mask dataset UrbanAtlas 2012 [63]. Then, the DFC2022 dataset [59] com-
plemented the DTM samples from the RGE ALTI dataset [64]. We further supplemented DSM samples
from Copernicus DEM GLO-30 (COP30) [12], DTM samples from FABDEM [13] and FathomDEM [14],
and Canopy Height Map (CHM) samples from HighResCanopyHeight dataset [58]. To accelerate
tensor transformation, the DFC30 dataset was preprocessed, denoted as DFC30-8m dataset for the
30 m to 8 m SR task and the DFC30-3m dataset for the 30 m to 3 m SR task.
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All samples were resampled to the target resolutions (8 m and 3 m resolution) us-
ing bicubic interpolation to either upsample the low-resolution DTMs and DSMs from
~30 m resolution, or downsample the high-resolution DTMs, images, CHM, and land
use masks from high resolutions, to the target resolutions. After this preprocessing, we
generated an 8 m resolution dataset on pixels of 128 x 128 (including paddings) per sample
(process 4 in Figure A1), with a total of ~65.2 million pixels, denoted as DFC30-8m, and a
3 m resolution dataset on pixels of 334 x 334 per sample (process 5 in Figure A1), with a
total of ~444.1 million pixels, denoted as DFC30-3m. In brief, each of the DFC30-8m and
DFC30-3m datasets contained 3981 samples with resolutions of 8 m and 3 m, respectively.
Each sample included a low-resolution derived DSM, two low-resolution derived DTMs,
a high-resolution derived DTM, a high-resolution derived RGB image, a high-resolution
derived CHM and a high-resolution derived land use mask within each sample.

Appendix A.2. Metric Calculation Details

We calculated metrics iteratively on each batch, namely online mode, and once after
an epoch, namely offline mode. Some metrics, such as RMSE and PSNR, differed between
the online and offline calculation modes. Taking RMSE as an example, the online mode
calculates and stores each batch’s RMSE during an evaluation procedure and then averages
all the stored batch RMSEs as follows:

18 | & -
RMSE jine = M Z \l Z(Hl - Hét)z/Br (A1)
i=1 \i=1

where M denotes the iteration number of each epoch, B denotes the batch size. Specifically,
this work defines the evaluation batch size as 1. Thus, the online mode RMSE is the average
of the RMSE for each prediction in this case.

The benefits of the online mode are that it reveals trends during an epoch’s training
and has low memory consumption. In contrast, the offline mode calculates the RMSE for
all predictions as described in Equation (9), which requires more memory space. However,
online mode calculations can be unreliable for specific metrics under certain scenarios.
For instance, if a batch sample is located entirely on the water, such as a lake or sea,
the prediction could be identical or close to its corresponding ground truth. Under these
circumstances, referring to Equation (13), the batch PSNR will be large due to the denomi-
nator (i.e., RMSE) being close to zero, resulting in an abnormally high online mode PSNR
compared to the offline mode PSNR.

Since our DEM dataset contained samples from within a lake or sea, we adopted an
offline mode as the calculation mode to provide a comprehensive description of the results.
The metrics in this paper are offline mode values by default unless explicitly labelled as the
online mode.

Appendix A.3. Training Set and Test Set Splitting

To maximise the use of data, we split the dataset into a training set (13 regions)
and a test set (3 regions). The division was based on sample size, where the training set
contains four times the number of samples in the test set (approximating an 80%/20% ratio).
Figure A2 summarises the elevation, slope and land use class distributions for both sets.
Specifically, the training set and test set sizes are 3182 and 799 for DFC30-8m, and 28,638
and 7191 for DFC30-3m. We maintained a fixed train/test split using a predefined list,
while shuffling sample order in the dataloader during training.
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Figure A2. The training/test split details. (a) The region location of the training/test split;
(b) the elevation distribution by boxplot for pixels in the train set and test set; (c) the slope dis-
tribution by boxplot for pixels in the train set and test set; (d) the category distribution by percentage
of pixels in the train set and test set.
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