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Abstract. Glacier visualization is critical for studying climate change as glaciers respond rapidly
to global warming. It serves as an indicator of environmental changes and provides insights into
the magnitude of climate change. Traditional on-site photography faces challenges such as safety
hazards, high costs, and tight time constraints. Existing terrain generation models have
limitations such as not being capable of using real satellite imagery to control generated terrain
and achieving photorealistic image quality. To address these issues, this study introduces
GlacierPix2Pix, a novel deep learning model that generates glacier scenery from satellite images.
This study uses the Landscape HQ dataset containing 90K terrain images and the USGS Glacier
Benchmark dataset containing Digital Elevation Models of 5 different glaciers over many years.
This study curates a dataset of over 9K glacier images that can be used in related studies from
the LHQ dataset. Glacier contours are extracted from the DEM images and glacier images. Based
on the StyleGAN architecture, GlacierPix2Pix comprises a terrain generator, discriminator, and
style encoder, and it supports both 2D and 3D methods. The model achieves a Fréchet Inception
Distance (FID) of 31.90, which surpasses the performance of other similar datadriven methods.
It can successfully produce photorealistic glacier images aligned with satellite-derived contours.
This research contributes to a better understanding of the urgent issues surrounding climate
change, especially its effect on glaciers. Potential applications of this study include
demonstrating glacier recession, helping with mapping snow cover and mass balance, and
allowing detailed changes in remote locations to be observed.

Keywords: glacier visualization, digital elevation model, GlacierPix2Pix, contour extraction,
Fréchet Inception Distance.

1. Introduction

Glacier visualization holds paramount importance across various fields, such as climate, geography,
tourism, and education. Most significantly, it demonstrates environmental changes, particularly those
pertaining to climate change.

Glaciers indicate environmental changes and provide insights into the magnitude of climate change.
To understand glacier changes over time, glaciologists utilize the method of Glacier Repeat Photography,
which requires glacier images taken at the exact location at different times for comparison. However,
receding glaciers often render it impossible to return to the same location. Additionally, the process of
glacier photography itself poses many significant risks, with potential dangers such as falling ice and
hidden crevasses beneath the snow. Glaciologists and mountaineers must take meticulous safety
measures, such as utilizing crevasse probes for detection, rope ties for group security, and ice axes and
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crampons for stability on the ice, which are all costly equipment. Moreover, the narrow window for
capturing high-quality glacier images through on-site photography, typically occurring from late August
to early September, further adds to the challenges associated with this method. Computer Graphics
researchers developed methods to solve similar visualization problems using implicit parametric
methods to model 3D terrains [1-3]. However, the visualizations produced by these methods are difficult
to manipulate and often fall short of achieving photorealistic quality. Additionally, neither of the
aforementioned methods can offer visualization of glaciers from arbitrary viewpoints.

This research develops a novel deep learning model, GlacierPix2Pix, for visualizing glaciers using
satellite imagery to overcome the limitations mentioned above. This study proposes a data-driven
approach to reconstruct glaciers from given satellite images, which not only eliminates the risks and
costs associated with on-site photography, but also achieves the synthesis of photorealistic glacier
images from any arbitrary view, therefore increasing the immersive experience of the viewer.
Specifically, this study aims to employ advanced terrain generation and deep learning techniques to
generate images of different glaciers using contours extracted from digital elevation models (DEMs). In
this study, we utilize the Landscape HQ dataset [4] and the USGS Benchmark Glaciers dataset [5].

This study proposes a deep learning model that takes contour images as input and generates images
of glaciers that match the input contour with the ability to change the camera position and angle as
output. For the model architecture, we employ a latent generative model to ensure consistency in the
results. To achieve DEM contour’s control of the result, we deploy a style encoding model to control
the generative model. Existing 3D terrain generation works using implicit parametric method that is
unable to perform conditional generation and achieve photorealistic image quality. Our approach utilizes
extracted contours from satellite imagery as a condition for the generative model to achieve realistic
generation of glacier visualizations. Diverging from traditional approaches such as on-site photography
and existing terrain generation methods, GlacierPix2Pix offers a safer, more costeffective, and more
efficient alternative to capturing glacier imagery.

2. Related Work

In the field of image and view extrapolation, Kaneva et al. [6] laid the foundation with their pioneering
work on infinite image extrapolation. They employed a vast image database for classical 2D image
retrieval, stitching, and rendering. Recent advancements have brought forth learningbased 2D image
inpainting [7] and outpainting [8] methods, effectively filling in missing image regions and expanding
the field of view by synthesizing coherent content. While earlier attempts explored single-view 3D view
extrapolation [9], their limitations are evident, often confined to a narrow range of viewpoints.

In the field of video generation, both unconditional [10] and conditional methods [11] have been
developed, operating from noise input to sequences conditioned on images or text prompts. However,
extending these concepts to 3D requires multi-view training data, and existing approaches lack persistent
3D scene content at runtime. Recent efforts introduced additional 3D geometry inputs like point clouds
[12] or voxel grids [13] to maintain global scene consistency, yet they fall short in achieving consistent
content generation.

In the field of generative view synthesis, existing methods strive to produce new scene views from
single [14] or multiple [15] image observations, often constrained by limitations in interpolation and
extrapolation distances. Novel generative view synthesis methods, employing neural volumetric
representations [16], have demonstrated impressive results in generating diverse objects, faces, or indoor
environments. However, these methods face challenges in generating unbounded outdoor scenes due to
a lack of multiview data for supervision. Recent perpetual view generation methods, such as
InfiniteNature [17] and InfiniteNature-Zero [18], excel in generating unbounded flythrough videos of
natural scenes but lack globally consistent 3D scene content. Concurrent works like InfiniCity [19] and
SceneDreamer [20] leverage birds-eye-view representations, while SceneScape [21] constructs a mesh
representation from text.
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Our work builds upon recent terrain generation methods exemplified by PersistentNature [22], and
style encoder methods exemplified by pixel2style2pixel [23]. Our research introduces unique
advantages in four key aspects:

e We offer a unique, first-person side view perspective of glaciers that is different from the traditional
topdown view in satellite imagery.

e We incorporate real satellite data as a condition for the generative model to control the generated
terrains.

e Our work focuses on glacier visualization, an area largely unexplored by previous terrain modeling
studies.

e We curated a dataset of over 90K glacier images to address the current lack of readily available
glacier datasets.

3. Methods

In this section, we provide a detailed overview of the dataset construction process and the training
pipeline used in our study. To achieve our goal of generating glacier scenery from satellite image, we
utilize DEM images from the USGS Benchmark Glacier dataset [5] and natural terrain images from the
Landscape HQ dataset [4] to enable our GlacierPix2Pix model to find the correspondence between
satellite images and glacier images. We divided this section into several parts to cover each step in our
pipeline in detail. These parts include extracting side view contours from DEM images, curating a
glacier image dataset, unifying the representation of both types of data, and constructing the
GlacierPix2Pix model.

3.1. DEM to Side View

Figure 1. Extracting contours from Digital Elevation Models (DEM) is necessary since our generative
model takes in contour as a condition. The value at each pixel of a DEM image represents the height of
the terrain at that location.
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(4640 by 3968 pixels)

DEM Side View Contour
Figure 1. Example of contours extracted from a DEM image.

Therefore, to extract the contour along any chosen line on a DEM image:

e The x value of each point on the contour is the position along the chosen line.
e The y value of each point on the contour is the value at the position along the chosen line.

3.2. Glacier Scenery Dataset Curation
To support the data-driven nature of our model, we need a large number of glacier images. In this study,
we use the Landscape HQ dataset [4] that contains 90,000 high-resolution natural landscape images
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collected from photo sites Unsplash and Flickr by the authors of this dataset. This dataset contains
versions with different image resolutions. We chose to use the LHQ256 version, which contains images
with 256 by 256 resolution.

Some LHQ images contain geometry that is not suitable for camera movements during training, such
as a landscape pictured through a window or a closeup of trees. Therefore, we performed a filtering
process on all 90K images to remove those unwanted images using a pretrained semantic segmentation
model (DPT) [24], which resulted in 52,402 usable images.

Since the goal of this study is to achieve glacier visualization, we need to separate glacier images
from other non-glacier images in this dataset. We explored two methods via the Contrastive Language-
Image Pre-Training (CLIP) model [25]:

e CLIP Text-Image method
e CLIP Feature K-Nearest Neighbor method

In the CLIP Text-Image method, we input keywords for identifying glacier and non-glacier images
into the CLIP model, such as "glacier", "snowy mountain", "green mountain", "lake", etc. Then, the
CLIP model outputs the probability of the given image being each of the given keywords. Based on the
probability, we decide whether each image is a glacier image using certain thresholds. In this case, we
classify an image as a glacier image if its glacier probability is greater than 0.45 and its non-glacier
probability is less than 0.15. In the CLIP Feature K-Nearest Neighbor method, we first use CLIP to
obtain the image features; then, we use a K-Nearest Neighbor model to classify the image feature based
on 10 images that we pre-labeled as glacier images. As shown in Figure 2, the results of both methods
have unique images and overlap images. We decided to select the overlap images of both methods as
our glacier dataset (9,697 glacier images in total).

CLIP Glacier Images
KNN Glacier Images
CLIP KNN Union
Other Images

L X J

Figure 2. Both glacier classification methods have unique images and overlap images as represented
above using TSNE. If two images are closer on the TSNE graph, their features are more similar.

3.3. Unify Representation

Terrain and DEM images are different data representations, thus they cannot be compared directly.
Contour of terrain elevation is a common ground between them; therefore, contour extraction of glacier
images is necessary to eliminate the domain gap. We experimented with 8 different edge filtering
methods:

e Canny (with and without Gaussian Blur)
e Sobel X (with and without Gaussian Blur)
e Sobel Y (with and without Gaussian Blur)
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e Sobel XY (with and without Gaussian Blur)

As shown in Figure 3, Canny with Gaussian Blur algorithm seems to be the best in this case due to
the clear edges and the small amount of noise. We performed this algorithm on all glacier images to
obtain their contours.

Original

Canny
(w/o Blur)

Canny
(Blur)

Sobel x
(w/o Blur)

Sobel x
(Blur)

Sobel_y
( w/o Blur)

Sobel
(Blur)

S

B i, T

Sobel xy
( w/o Blur)

y b
TN WA
& %}M
PRI |

T

Sobel xy
(Blur)

Figure 3. Results of § different contour extraction methods on 5 randomly selected terrain images.

3.4. GlacierPix2Pix Model

As shown in Figure 4, the GlacierPix2Pix model employs a StyleGAN [26] architecture comprising a
generator and a discriminator. The StyleGAN architecture has two key advantages: it is able to
generalize to most terrains since the latent space learns all the possible combinations of terrain in the
input data, and it is able to achieve high-resolution image quality. The generator functions to produce
3D glacier terrains, while the discriminator evaluates the generated results against ground truth images,
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adjusting model weights accordingly. The first stage of training terminates when the discriminator can
no longer discern between generated and training images.

Subsequently, we add a conditional style encoder [23] that matches the contours to the ground truth
images. The encoder encodes the contours into style vectors, then those style vectors become parts of
the input to the terrain layout generator. Through iterative training, the style encoder adjusts its weights
to achieve optimal alignment between contour inputs and generated terrains. The second stage of
training terminates when for each contour, the style encoder is able to generate the style vector that
directly matches one glacier terrain generated by the StyleGAN.
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Figure 4. GlacierPix2Pix Model pipeline. Both 2D and 3D training and inference paths are shown.

4. Results
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Figure 5. FID and loss metrics vs. training steps are shown above.

Figure 5. To measure the performance of the model, we use several metrics:

243



Proceedings of the 6th International Conference on Computing and Data Science
DOL: 10.54254/2755-2721/86/20241544

e Fréchet Inception Distance (FID): calculates the distance between feature vectors for images
generated by GAN models

e Reconstruction Loss (L2): calculates the pixel difference between the generated images and ground
truth images

o Perceptual Loss (LPIPS): calculates feature difference in the latent space between the generated and
ground truth images

o Identity Loss: measures the cosine similarity between the features of the generated and ground truth
images

e Regularization Loss: measures the distance between the feature vectors of the generated image and
the average latent vector

Table 1. Performance compared to other data-driven methods

Model FID

GSN [27] 45.48
EG3D [28] 32.08
PersistentNature [22] 32.02
GlacierPix2Pix 31.90

As shown in Table 1, the GlacierPix2Pix model achieves an FID value of 31.90, which surpasses the
performance of other similar data-driven methods. As shown in Figure 6, the model can successfully
produce photorealistic glacier images aligned with satellite-derived contours.
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Figure 6. The GlacierPix2Pix model can successfully produce photorealistic glacier images aligned
with satellite-derived contours. Shown above are examples of glacier visualizations of 4 different North
American glaciers. On the left side are 2D pipeline results, and on the right side are 3D pipeline results.
(see video for dynamic visualization)

5. Conclusion

This study proposes GlacierPix2Pix, a novel deep learning model that generates glacier scenery from
satellite images. GlacierPix2Pix can successfully produce photorealistic glacier images aligned with
satellite-derived contours and it achieves higher image quality than previous similar datadriven models.
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It has the potential real-world applications of demonstrating glacier recession, helping with mapping
snow cover and mass balance, and allowing detailed changes in remote locations to be observed.

This study also brings many potential benefits beyond the technical aspects. Climate change, a global
concern, often faces challenges in conveying precise environmental changes to the public as concrete
evidence. Our work addresses this by visually presenting the effects of climate change on different
glaciers through photorealistic images by employing cutting-edge technology. This approach eliminates
the need for on-site glacier photography, offering a cost-effective means of showcasing the exact
changes in our environment. By bridging the gap between technological innovation and environmental
awareness, this research contributes to a better understanding of the urgent issues surrounding climate
change, especially its effect on glaciers.

6. Future Work
Potential future work includes:

1. Building an interactive website where users can upload their own contours, choose a style, and
see the generated glaciers.

2. Extend this work to other terrain types, such as canyons, plateaus, volcanos, deserts, etc.

3. Refine GlacierPix2Pix to achieve even higher image quality.
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