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Source: DHM25 digital height model from the Swiss Federal 
Office of Topography (© swisstopo)

Original Resolution: 25 m grid spacing

Patch Extraction: 128 × 128 pixels tiles, extracted with a 
stride of 64 pixels to form the high-resolution set

Downsampling: Each tile subsampled by factors of 2× and 
4× to create low-resolution variants

Noise Augmentation: Additive Gaussian noise (μ = 0, σ = 2.5) 
applied to low-resolution tiles to create noisy datasets

Digital Elevation Models (DEMs) are 3D representations of a 
terrain's surface, encapsulating critical information like 
elevation, slope, and aspect. 
Decision support systems and downstream applications rely 
heavily on the accuracy and resolution of the underlying data.

Recent advancements in deep learning-based super-
resolution present an opportunity to significantly enhance 
DEM quality

4.   Results3.   Experimental Setup
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5.   Conclusion

Model 
Type

MSE ↓ 
(m2)

PSNR 
↑

MAE ↓ 
(m)

SSIM[8] 
↑

CNN-based 
(SRCNN) 4.26 66.40 1.05 0.9961

GAN-based
(SRGAN) 3.81 66.88 1.00 0.9971

Attention-
based

(SWin2SR)
4.03 66.64 1.02 0.9891

Model 
Type

MSE ↓ 
(m2)

PSNR 
↑

MAE ↓ 
(m) SSIM ↑

CNN-based 
(SRCNN) 8.26 63.53 1.95 0.9755

GAN-based
(SRGAN) 7.15 64.15 1.80 0.9808

Attention-
based

(SWin2SR)
6.68 64.45 1.70 0.9862

Model 
Type

MSE ↓ 
(m2)

PSNR 
↑

MAE ↓ 
(m) SSIM ↑

CNN-based 
(SRCNN) 21.63 59.35 2.55 0.9865

GAN-based
(SRGAN) 19.34 59.83 2.40 0.9848

Attention-
based

(SWin2SR)
18.96 59.92 2.38 0.9879

Model 
Type

MSE ↓ 
(m2)

PSNR 
↑

MAE ↓ 
(m) SSIM ↑

CNN-based 
(SRCNN) 27.40 58.32 3.37 0.9624

GAN-based
(SRGAN) 25.06 58.71 3.21 0.9689

Attention-
based

(SWin2SR)
26.71 58.43 3.37 0.9558

Exp1. Scale 2, without noise
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Exp2. Scale 2, with Gaussian noise (μ = 0, σ = 2.5) Model Categories:
• CNN-based (SRCNN[2])
• GAN[3]-based (SRGAN[4])
• Attention[5]-based (Swin2SR[6])

Training:
• 800 epochs per model
• MSE loss function

Data Variants:
• Scale factor 2 (clean vs. noisy)
• Scale factor 4 (clean vs. noisy)

Objective:
Compare performance and robustness across 
architectures and degradation levels.

Low-resolution Input High-resolution Ground TruthModel Output

Exp3. Scale 4, without noise Exp4. Scale 4, with Gaussian noise (μ = 0, σ = 2.5) 
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Strong Performance Across the Board: All three architectures, CNN-, GAN-, 
and attention-based, consistently achieve high scores in the experiments.

No Universal Winner: Performance varies by scenario. While no model 
dominates every case, SRGAN and Swin2SR show very similar overall 
performance.

Noise & Scale Trade-Offs: GAN- and attention-based methods demonstrate 
greater robustness to Gaussian noise and larger upscaling factors, whereas the 
lightweight CNN-based model remains competitive in structural similarity.

Outlook

The ultimate evaluation of super-resolved DEMs lies in their performance 
within downstream simulations and decision-support systems. Future work 
will utilize enhanced elevation data (D) to predict a target quantity of interest 
(Q):

By comparing the quality of Q when using SRCNN-, SRGAN-, or Swin2SR-
enhanced DEMs, we can identify which super-resolution approach offers the 
greatest practical benefit for real-world applications.

Scan to connect
Abbreviations

CNN   Convolutional Neural Network
GAN   Generative Adversarial Network
CONV  Convolutional Layer
LReLU  Leaky Rectified Linear Unit
BN   Batch Normalization
RSTB   Residual Transformer Block
S2TL   SwinV2 Transformer Layer
MLP   Multilayer Perceptron
MSE   Mean Squared Error
PSNR   Peak Signal-to-Noise Ratio
MAE   Mean Absolute Error
SSIM   Structural similarity index measure
BCE   Binary Cross Entropy

1.   Motivation

2.   Dataset

Training Setup:

Loss Function  MSE
Optimizer   Adam[7]

Learning Rate  1e-4
Evaluation Metric MSE
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Model Output

Generator Setup:
Loss Function  MSE + BCE + MSE(slope)
Optimizer   Adam
Learning Rate  1e-4
Evaluation Metric MSE

Discriminator Setup:
Loss Function  BCE
Optimizer   Adam
Learning Rate  1e-7

Training Setup:

Loss Function  MSE
Optimizer   Adam
Learning Rate  1e-4
Evaluation Metric MSE

Flood inundation maps produced using uniform DEMs at 10 m and 50 m resolutions. 
Figure adapted from Muthusamy, Manoranjan, et al. (2021). [1] 
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