Supplementary Material

1. Overview

The supplementary material includes the components:
» Additional Visualizations

» Dataset Details

» Dataset Analysis

* Visual Explanation of Geo-Contextual Metrics Suite
e User Study Details

» Additional Experiments

2. Additional Visualizations

We provide additional landscape images in Figure 1, gen-
erated by SounDiT and covering diverse visual scene at-
tributes on both SonicUrban and SoundingSVI.

3. Dataset Details

The construction of our proposed datasets is motivated by
the limitations of existing audio-visual datasets, such as
VGGSound [6], IntoTheWild [12], and Landscape [13].
These datasets primarily focus on object sounds, human
voices, natural phenomena, and have limited types of
scenes, as illustrated in Figure 2. Therefore, these datasets
are unable to comprehensively capture geo-contextual
sounding and visual environments, such as parks vs.
beaches, and urban vs. rural regions. As a result, au-
dio2image models trained on these datasets often produce
unrealistic representations of the real-world environmental
settings, such as those artistic-style images, as illustrated
in Figure 3. To support the GeoS2L problem, we pro-
pose two large-scale, geo-contextual multimodal datasets,
SoundingSVI and SonicUrban, each consisting of paired
soundscape—landscape data, which enable multimodal gen-
erative modeling within real-world geographic settings. In
this section, we introduce the dataset construction pipelines
and data processing methods presented in Figure 4, and con-
duct a comprehensive dataset analysis to illustrate the diver-
sity of these two datasets.

3.1. SoundingSVI Construction Details

Data preparation. Geotagged soundscapes and Street
View Images (SVI) were collected to construct soundscape-
landscape pairs, as illustrated in Figure 4. Geotagged
soundscape recordings were retrieved from the Aporee plat-
form [16]. For each soundscape recording, SVIs from
different directions and timestamps were downloaded via
Google based on longitude and latitude. It should be noted
that each soundscape might be associated with multiple
street view imagery candidates. In total, 51,059 raw sound-
scapes representing 3,470 hours of audio and 553,522 SVIs

were downloaded.

Data format. The soundscape recordings were sampled at
44.1kHz. SVIs were retrieved at a resolution of 400 x 400
pixels.

Data cleaning. After retrieving raw soundscape recordings,
they were further segmented into 10-second audio clips.
As some clips are dominated by human voices, which may
not reflect real-world environmental soundscapes, a human
voice detection method was employed to filter clips com-
prised of over 40% human speech or singing [18]. After
filtering, each audio clip was paired with multiple SVI can-
didates from the same location. A sound source localization
model was then applied to each pair to identify the most rel-
evant image across SVI candidates [ 1 7], ultimately resulting
in 169,221 soundscape-landscape pairs. To provide addi-
tional scene prompts during training, a scene classification
model was subsequently applied to each pair [7]. The pre-
dicted scene was then input into the SounDiT as an optional
scene prompt.

3.2. SonicUrban Construction Details

Data preparation. Unedited YouTube videos were used to
construct soundscape-landscape pairs for SonicUrban (Fig-
ure 4). Videos were retrieved by searching combinations
of city names and keywords, such as “city walk no com-
mentary; New York”, “urban exploration no talking; Lon-
don”, and "urban exploration no voiceover; Paris”. A word
cloud image of all keywords is shown in Figure 5, highlight-
ing search terms. To ensure these videos reflect real-world
sounding and visual environments, we manually removed
videos that included editing, subtitles, background music,
speech-dominated audio, non-environmental sounds, static
scenes, or fixed camera angles, resulting in a total of 1,167
street roaming videos. We then segmented each video into
10-second audio clips and evenly extracted 10 frames from
each clip.

Data format. The audio clips were segmented at a sample
rate of 44.1 kHz. Frames were extracted at a resolution of
854 x 480 pixels.

Data cleaning. Following a similar data cleaning process
as SoundingSVI, a human voice detection model was first
applied to filter speech-dominated audio clips [18] and a
sound source localization model was used to select the most
relevant frame for each remaining audio clip [17]. Fi-
nally, a scene classification model was employed to pre-
dict scene type for each pair to provide additional geo-
graphic semantics during training [7]. This process resulted
in 236,674 soundscape-landscape pairs with corresponding
scene prompts. The predicted scene was then input into
SounDiT as an optional scene prompt.
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Figure 1. Additional landscape images generated by SounDiT across different visual scene attributes on both SonicUrban and Sound-

ingSVIL.
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Figure 2. Example samples from current audio-visual dataset.
Categories include object sounds (e.g., violin and crackling fire),
human voices (e.g., people whispering and baby laughing), and
weather sounds (e.g., rain and thunder). Limited attention has been
paid to geographic contexts and environmental scenes.

3.3. Data Processing Methods

Human Voice Detection. While most clips capture mean-
ingful environmental soundscapes, some audio clips are
dominated by human speech or singing. To filter such clips,
we employ a pre-trained Voice Activity Detection (VAD)
model, Silero VAD [18], to estimate the duration of human
voice within each clip. Silero VAD is trained on recordings
spanning over 6,000 languages, enabling robust detection

Figure 3. Unrealistic images with limited geographic contexts
generated using AudioToken trained on the VGGSound dataset.

across diverse linguistic and acoustic environments. In our
study, each 10-second audio clip is divided into 512 uni-
form segments. For each segment, the model detects a set
of start—end time pairs corresponding to detected voice ac-
tivities. We aggregate the time represented by these pairs
across all segments to arrive at an overall voice activity rate
and exclude clips exceeding 40% human voice. This filter-
ing process ensures audio clips more accurately reflect real-
world environmental soundscapes and better support appli-
cations in geography, urban planning, and environmental
sciences.

Sound Source Localization. Each soundscape in Sound-
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Figure 4. Dataset construction pipelines for the SonicUrban and SoundingSVI datasets. Left (SoundingSVI): Geotagged soundscape
recordings were retrieved from the Aporee platform, and Street View Image (SVI) candidates were obtained from Google based on location.
Raw recordings were segmented and filtered by voice detection to remove human-voice dominated clips. Sound source localization methods
were then employed to pair each audio clip with its most relevant SVI. Right (SonicUrban): Unedited YouTube videos were collected via
keyword search and manual selection. Each video was segmented into clips, and multiple frames were extracted per clip. Human detection
and sound source localization methods were applied to construct soundscape-landscape pairs to ensure soundscapes reflect real-world
sounding environments and maintain coherence.
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Figure 5. Word cloud of keywords for retrieving the YouTube

videos. To build SonicUrban, we paired city names with key- Figure 6. Example of sound source localization. The heatmap

words, such as “city walk no commentary; New York”, “ur- highlights image regions associated with the sound source, with

ban exploration no talking; London”, and “urban exploration no color intensity from blue (lower association) to red (higher asso-

voiceover; Paris”, to identify unedited YouTube videos that cap- ciation) indicating the strength of this linkage. In this example,

ture real-world geographic settings. a bird chirping soundscape file is introduced, and its four nearby
landscape image candidates are selected. As bird chirping is typ-

. . . . . . ically associated with trees, the image with the largest tree pro-

ingSVI and SonicUrban is associated with multiple can- portion, which also yields the highest heatmap sum-up score, is

didate images. In SoundingSVI, nearby candidate images selected as the most relevant.

are selected based on the soundscape recording’s coordi-

nates; While in SonicUrban, each soundscape clip is paired

with ten frames evenly extracted from the video. To se-
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Figure 7. Ten sample scene categories defined by Place365
dataset, including downtown, crosswalk, plaza, parking lot, ar-
cade, bazaar, street, industrial area, field, and forest road.

lect the most contextually relevant image from all candidate
images, we employ a pre-trained audio-visual model, ACL-
SSL [17]. We utilize this model to generate a sound lo-
calization heatmap for each image-audio pair, which high-
lights regions in the image closely related to the sound
source. Then, we compute a similarity score by summing
the heatmap values of each audio-image pair, and then se-
lect the candidate image with the highest score. By doing
so, we select the candidate image that has the most relevant
geographic context to the soundscape. Figure 6 illustrates
this process with a soundscape dominated by bird chirping
and four candidate images.

Scene Classification. In SounDiT, a scene prompt serves
as an additional geographic scene semantic to enhance geo-
contextual coherence of generated landscape images. To
generate these prompts, we use a ResNet model [7], pre-
trained on Place365 dataset [21], which enables the pre-
diction of scenes from 365 categories, such as downtown,
crosswalk, and plaza. Figure 7 provides several sam-
ple images across multiple scenes. For each soundscape-
landscape pair, the landscape image is processed by this
model, and the top-1 scene prediction is selected as the
scene prompt. Moreover, we leverage the same method
to perform the scene-level evaluation to compute the PSS
scores. In SounDiT, scene prompts serve as additional geo-
graphic semantics to enhance the geo-contextual coherence
of generated landscape images. To generate these prompts,
we utilize an efficient open-source Vision-Language Model
(VLM)—Qwen-2.5-VL [1]. Adopting the taxonomy of the
Places365 dataset [21], we prompt Qwen-2.5-VL to pre-
dict scene categories for the landscape component of each
soundscape-landscape pair. By enforcing strict output for-
matting and conducting iterative verification, we ensure a
reliable scene prompt for each landscape image. Figure 7
displays sample images across multiple scene categories.

3.4. Benchmark Datasets

Although the current datasets for the GeoS2L task exhibit
several limitations (as discussed in Sec. 3), we further eval-

Table 1. Spatial coverage and scene diversity of our proposed
datasets and benchmark datasets.

Dataset ‘ Cities Countries Scene Diversity

SoundingSVI — 90 344

SonicUrban 131 67 363
VEGAS [22] - - -
VGGSound [6] — — 15
IntoTheWild [13] — — 3
Landscape [12] — — 9
SoundingEarth [8] — 90 —

uate our SounDiT models by constructing additional bench-
marks from VGGSound, intothe wild and landscape.
Geo-Contextual VGGSound Subset. The original VG-
GSound dataset [6] contains a total of over 210,000 videos,
consisting of over 500 hours of footage across 310 distinct
classes such as people, animal, and music. Since most of
these categories are not associated with geography and en-
vironmental sciences, we construct a geo-contextual bench-
mark for the GeoS2L task by curating a geo-contextual sub-
set of the VGGSound. To accomplish this, we select 16
classes (e.g., footsteps on snow or wind rustling leaves)
likely associated with geographic environments from the
VGGSound dataset. In total, 6,713 soundscape-landscape
image pairs are maintained.

Combined Landscape and IntoTheWild Dataset. The
Landscape dataset [12] comprises a total of 1178 videos
over 11 unique scenes. However, most videos are long,
static recordings, limiting their scene diversity. In contrast,
the IntoTheWild dataset [13] includes a total of 94 videos
from three unique classes, forest, rain, and snow, captured
from videos taken during hikes. Although smaller in to-
tal duration, IntoTheWild offers greater geographic diver-
sity. Thus, we merge the two datasets to form a total of
1889 soundscape-landscape pairs, providing a more com-
prehensive benchmark that covers multiple geographic en-
vironmental settings.

4. Dataset Analysis

Compared to existing datasets, our proposed datasets
demonstrate substantial advantages in both spatial coverage
and scene diversity, as summarized in Table 1. In this sec-
tion, we provide more details regarding these two aspects.

4.1. Spatial Coverage

Our proposed datasets exhibit broad spatial coverage.
SoundingSVI includes soundscape recordings and SVIs
from 90 countries across six continents, and SonicUrban
covers YouTube city-walk videos from 131 cities across
67 countries. Both datasets significantly expand the spa-
tial footprint compared to prior benchmark datasets, as pre-



sented in Figure 8. In SoundingSVI, major cities in the
United States, Europe, Asia, and Australia are represented
by over 3,000 soundscape-image pairs, including Los An-
geles, Boston, London, Stockholm, Amsterdam, Tokyo,
Seoul, Bangkok, and Sydney. Figure 9 shows that the
SonicUrban datasets exhibit broad geographic coverage.
The soundscape-landscape pairs in the SonicUrban dataset
cover 18 cities in the United States, 14 cities in China, 6
cities in the United Kingdom, and cover 4 cities in Aus-
tralia, Germany, and Italy.

4.2. Scene Diversity

In addition to broader spatial coverage, our proposed
datasets offer significantly greater scene diversity compared
to existing audio-visual benchmarks. While prior bench-
marks provide a few categories of scenes with geographic
contexts like forests, our datasets capture a diverse set of
geographic contexts and environmental settings. Figure 10
presents street, residential neighborhood, promenade, and
crosswalk scenes and comprises over 10,000 soundscape-
landscape pairs in both datasets. In SoundingSVI, rural
scenes, like forest roads and fields, also exceed 10,000 pairs,
indicating strong coverage in both urban and rural settings.
More samples from different scenes of both datasets are
shown in Figure 11 and 12.

5. Visual Explanation of Geo-Contextual Suite

We provide a visual explanation of the proposed Geo-
Contextual Suite, which evaluates the alignment between
generated and ground-truth landscapes at three complemen-
tary levels. As illustrated in Figure 14, we first compare
element-level structures to capture fine-grained spatial com-
position. We then assess scene-level consistency to ensure
that the overall functional and visual character of a place is
preserved. Finally, we incorporate human-perception—level
attributes to reflect how people experience these environ-
ments in real-world.

5.1. Element-level Evaluation

PSS.iement 1s computed to evaluate the element-level sim-
ilarity between generated images and their ground truths.
Figure 14 illustrates the element-level evaluation process by
comparing PSS¢iement between generated landscape im-
age and its ground truth. Pairs with high-similarity scores
demonstrate strong alignment regarding their geographic
elements and ratios, indicating the generated image effec-
tively captures the key environmental elements.

5.2. Scene-level Evaluation

PSSscene 1s designed to assess the consistency of the entire
environmental scene between generated images and their
ground truths. Figure 15 illustrates the scene-level evalu-
ation process based on the overlaps between the predicted

scene categories for both generated images and ground
truths. For example, the top 3 predicted scene categories
are listed, with shared scenes highlighted.

5.3. Human Perception-level Evaluation

PSSperception 15 proposed to measure whether the gen-
erated and ground truth images evoke similar human per-
ceptions of place. For example, whether a specific neigh-
borhood makes people feel safe or not. Six dimensions
of human perceptions are assessed using a DenseNetl121
model [10], pre-trained on the MIT Place Pulse dataset [15],
including: ”Safe”, “Beautiful”’, “Depressing”, “Lively”,
”Wealthy”, and “Boring”. Figure 16 illustrates human
perception-level evaluation examples.

6. Implementation Details

Data Split. We select 10% of each proposed dataset as the
test set. For SonicUrban, to ensure spatial diversity captured
by YouTube videos across different cities, we sampled 10 %
soundscape-landscape pairs from each city individually.
Training Details. All experiments were conducted us-
ing NVIDIA H100(98GB), A6000 (48 GB) and A100 (40
GB) GPUs. Our SounDiT model was trained for 400,000
gradient-update steps with a batch size of 128. To simplify
hyperparameter tuning and ensure stable convergence, we
used the AdamW optimizer with a fixed learning rate of
1 x 1074, a weight decay of 0.03, and ¢ = 1 x 10710,
Additionally, we applied mixed-precision training (FP16)
to improve computational efficiency, which supports to per-
form most operations in half-precision format and fall back
to single-precision when needed.

Inference Details. During inference, all landscape im-
ages are generated at a resolution of 256 x 256 pixels.
Classifier-free guidance with a scale of 4.0 is applied to
both the soundscape and scene conditions to enhance geo-
contextual coherence while preserving diversity. For the de-
noising process, we employ the SA-Solver sampling algo-
rithm with a 30-step denoising schedule, which offers an
effective trade-off between visual fidelity and generation
speed.

7. User Study Details

While quantitative metrics such as FID and PSS are critical
for evaluating model performance in generating landscape
images, they may overlook how well generated landscape
images maintain geographic and environmental contexts—
an aspect crucial to geographic, ecological, and urban plan-
ning applications. In such scenarios, human evaluation re-
mains important to assess whether the generated landscape
images are both visually and geo-contextually coherent. To
this end, we conducted a user study and recruited 17 volun-
teers to assess the model outputs, which could complement



SoundingSVI
¢ Location
SonicUrban
© 1500 pairs
© 3000 pairs

0 8000 pairs

Figure 8. Global distribution of soundscape-landscape pairs in SoundingSVI and SonicUrban datasets. Blue points mark individual
geotagged soundscape locations in SoundingSVI. Red circles scale with the number of paired soundscape—image clips per city in SonicUr-
ban. Together, the two overlays illustrate the complementary geographic coverage and diversity of our constructed datasets.
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Figure 9. Country-level distribution of the SonicUrban,

demonstrating its widespread spatial coverage. Bars show
the number of cities sampled per country (left axis) and total
soundscape-landscape pairs collected (right axis). Top ten coun-
tries are listed, with the United States leading at 18 cities (~31K
pairs), followed by China (14 cities, ~22K pairs), the United
Kingdom (6 cities, ~8K pairs), Australia (6 cities, ~10K pairs),
and additional contributions from Germany, Italy, Japan, Brazil,
Canada, and Israel.

our evaluation. Each participant is asked to complete the
following two tasks.
7.1. Soundscape-to-Landscape Matching.

To assess whether the generated landscape images accu-
rately reflect the geographic characteristics embedded in en-
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Figure 10. Scene distribution of SoundingSVI and SonicUrban,
showing the number of soundscape-landscape pairs per scene cat-
egory. In both datasets, street, residential neighborhood, prome-
nade, and crosswalk account for a large portion of these datasets,
indicating broad coverage of urban scenes. SoundingSVI includes
a substantial number of rural scenes, like forest road and field.

vironmental soundscapes, participants were presented with
15 audio clips, each accompanied by four candidate images.
They were asked to select the image that best contextually
aligned with the soundscape. To evaluate SounDiT perfor-
mance across real-world environmental settings, 15 audio
clips featuring diverse sounding environments, such as bird
chirping and bustling traffic, were randomly sampled from
the validation set. For each clip, one candidate image was
generated by SounDiT based on the audio, while the re-
maining three were generated from unrelated geographic
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Figure 11. Various scene samples from SoundingSVI including alley, arcade, bazaar/outdoor, crosswalk, downtown, field/wild, forest
road, highway, industrial area, parking garage/outdoor, parking lot, plaza, promenade, residential neighborhood, street.

contexts. As illustrated in Figure 17 Q1, the example in-
cludes an audio clip dominated by lake ripple, with can-
didate images representing field/wild, overpass, water, and
residential area.

7.2. Landscape Matching.

This task evaluates the geographic coherence of the gen-
erated landscape images compared to real-world environ-
mental settings. Participants were shown 15 pairs of ground
truth landscape images, each accompanied by three candi-
date images, and asked to select the image that best matched
the geographic context of ground truth images. The 15 pairs
were randomly sampled from the validation set, represent-
ing diverse geographic contexts, such as urban and rural set-
tings. For each pair, one candidate image was generated
by SounDiT based on the soundscape associated with the
ground truth, while the other two were generated from un-
related geographic contexts. As illustrated in Figure 17 Q2,
the example includes two ground truth images of a street,
with candidate images representing street (correct match),
beach and highway.

The user study was conducted through a custom web in-
terface which collected participant responses. Results show
that the average matching accuracy across Task 1 and Task
2 were 90.26% (Standard Deviation (SD) = 0.085) and 82%
(SD = 0.073), respectively. These results indicate a strong
perceptual alignment between environmental soundscapes
and their corresponding generated landscape images, high-
lighting the model’s effectiveness in the integration of ge-
ographic knowledge to generate geographically contextual
features in soundscapes in practice.

8. Additional Experiment

8.1. Benchmark Experiments

We evaluate SounDiT on the IntoTheWild&Landscape and
Geo-Contextual VGGSound benchmark subsets. As shown
in Figure 18, our model generates scene-consistent, high-
quality visual results. The quantitative results in Table 2
further demonstrate that SounDiT achieves state-of-the-art
performance on these benchmark datasets.
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Figure 12. Various scene samples from SonicUrban including alley, arcade, bazaar/outdoor, crosswalk, downtown, field/wild, forest
road, highway, industrial area, parking garage/outdoor, parking lot, plaza, promenade, residential neighborhood, street.
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Figure 13. The ground truth and output landscape images are assessed at the element-, scene-, and human-perception levels
following geography and urban planning practices.

8.2. Visual Ablation

Figure 19 presents visual ablations of the MoE module with
different numbers of experts (E = 2, 4, 6, 8). Increasing the



Table 2. Quantitative evaluation results across SounDiT and baseline models on two benchmark datasets. { indicates pre-trained
models. We compare our SounDiT model with baselines using general metrics (FID, AIS, IIS) and our PSS metrics.

General Metrics |

Place Similarity Score

Dataset | Method | FID| AISt IISt | Element! Scenet Perception|
CoDif 121.218 0701 0.706 | 0.447 0.698 0.817
. Sound2Scene 140244 0.617 0.741 | 0.479 0.640 0.769
IntoTheWild AudioTokent | 209515 0.600 0579 | 0219  0.280 0913
Landscape AudioToken (SD1) | 138.785 0.585 0.695 | 0.364 0.534 0.846
(1.8K) AudioToken (SD2) | 118.536 0.637 0.740 | 0.512 0.724 0.855
GlueGen 195.625 0.584 0.645 | 0.362 0.582 0.815
PixArt + MHCA | 105.647 0.687 0.744 | 0.521 0.741 0.757
SounDiT (Ours) | 97.471 0.718 0.764 |  0.618 0.803 0.684
CoDit 129.185 0.661 0.639 | 0.317 0.382 0.828
Sound2Scene 122.460 0.600 0.596 | 0.287 0.378 0.770
Geo-Contextual AudioTokent 159.366 0.578 0.564 | 0.196 0.204 0.942
VGGSound Subset | AudioToken (SD1) | 163.540 0.532 0.555 | 0.207 0.311 0.789
(6.7K) AudioToken (SD2) | 157.706 0.583 0.587 | 0.251 0.404 0.803
GlueGen 156.777 0536 0.547 | 0.233 0.249 0.839
PixArt + MHCA | 113.111 0.575 0.588 | 0.336 0.392 0.767
SounDiT (Ours) | 90.831 0.637 0.602 | 0.394 0.411 0.718
Ground Truth Generated
d Promenade 1st  Promenade
Boardwalk 2nd Park
Pier 3rd Boardwalk

Sidewalk

0.3823 0.1301

Figure 14. Examples of element-level evaluation PSScicment.
The top-3 predicted elements and their ratios are presented for both
ground truth and generated images.

number of experts leads to more faithful and diverse gen-
erations, which is consistent with the quantitative improve-
ments reported in our ablation study.

9. Broader Impacts

This work has significant implications across computer sci-
ence, geography, urban planning, and environmental sci-
ences. By linking the auditory and visual environments
of places, our approach not only advances our knowledge

Figure 15. Examples of scene-level evaluation PSS;ccne. The
example includes the generated image and its ground truth, along
with their top 3 predicted scene categories.

of human-environment interactions, but also supports real-
world practices. First, as two critical aspects of space, ge-
ographers and environmental scientists could better under-
stand how different environmental elements interact and in-
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4983433  Wealthy
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Figure 16. Examples of perception-level evaluation
PSSperception. For the example, perceptions of each ground
truth image are listed, along with scores of its generated image.



Q1: Select the image that you believe are most closely related to the audio clip.

Select the image that you believe are most closely related to the audio.
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Q2: Choose the one generated landscape that best matches the ground
truth.

Select one generated landscape that best matches the ground truth.

Ground Truth Generated Landscape

Figure 17. User study webpage. Examples of two tasks are presented. For task 1, participants are asked to select the image that best
matches the soundscape. For task 2, participants are asked to select the image that best matches the ground truth landscape.
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Figure 18. Results on the benchmark datasets: IntoTheWild&Landscape and the Geo-Contextual VGGSound subset.

fluence human behaviors and ecological processes [4, 14, both aesthetically pleasing and acoustically beneficial. By
19, 20]. Second, it helps planners to design spaces that are analyzing how sound propagates and influences areas, bet-



Figure 19. Visual comparison across different expert configurations in the MoE module, where E denotes the number of experts.

ter noise mitigation strategies might be developed to design
better neighborhoods and benefit human well-being in ur-
ban planning practices. Third, incorporating geo-contextual
sounds may improve user experience in navigation applica-
tions [3, 5, 11], video games, and virtual reality settings
[2, 9]. Specifically, for individuals with visual impairments,
integrating acoustic signals provides essential navigational
cues and a deeper understanding of their surroundings.

Beyond its technical contributions, we envision this work
as a foundational step and open avenues for future technical
advancements at the intersection of geography, environmen-
tal science, and generative AI. We advocate for interdisci-
plinary collaboration to better align models with real-world
problems in the service of societal and ecological benefits.
By formalizing the GeoS2L task, our study lays a founda-
tion for future research that is both socially relevant and
environmentally grounded, pointing toward new research
frontiers at the intersection of generative Al and spatial data
science.
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