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Abstract. This paper presents a semi-automatic workflow for transforming
multitemporal satellite imagery into interpretable geospatial communication out-
puts about urban expansion in Santa Cruz Island, Galapagos. The work is posi-
tioned as an applied communication technology because it converts visually com-
plex remote-sensing data into binary masks, comparative maps, and quantitative
indicators that can support environmental reporting, public communication, and
decision-making in a sensitive island territory. Urban masks in the first iteration
were produced with HSV-based segmentation, manually post-processed using a
Python correction tool, and then fine-tuned over an ImageNet-pretrained Effi-
cientNet-B0 encoder. For the rapid experiment, five image-mask pairs were se-
lected and split into four training pairs and one validation pair. The best valida-
tion IoU: 0.6544, and F1 measure score: 0.7911 Based on the comparisons of
urban pixel areas between 2013 and 2024, the predicted net increases in urban
pixel area grew from a mere 5.66 million pixels to a substantial total of 14.43
million pixels, implying a relative net change of 154.76%. Results are reported
as model-based pixel-area indicators because the current images are not georef-
erenced orthomosaics. Beyond the technical implementation, the study contrib-
utes a reproducible pipeline for visually communicating urban transformation in
contexts where official spatial datasets may be limited.

Keywords: Geospatial communication, Satellite imagery, Urban expansion, Se-
mantic segmentation, U-Net, Santa Cruz Island, Galapagos

1 Introduction

Urban expansion in environmentally sensitive territories is not only a spatial process
but also a communication challenge. Local authorities, researchers and residents as well
as conservation stakeholders usually require intuitive visual proof on where settlements
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are rising and how this expansion relates to protected areas, road infrastructure or tour-
ism pressure. This challenge is crucial, for example in Santa Cruz Island (Galapagos)
where urban growth occurs close to protected ecosys- tems and agricultural areas as
well as touristic services. Rather than directly detecting population from images, this
work approximates urban expansion by segmenting visible buildings and built struc-
tures in satellite captures.

Within communication and applied technologies, maps, overlays, and geovisualizations
function as mediated representations that translate complex territorial processes into
interpretable visual messages. Cartographic and geovisualization theory has long em-
phasized that maps are not neutral pictures of space; they are designed representations
that structure perception, attention, and interpretation [1, 2]. In that sense, the present
study treats satellite-based segmentation outputs as geospatial communication artifacts:
they condense complex image information into masks, comparative growth maps, and
indicators that can be discussed by non-specialist audiences.

Two main reasons lie behind our interest in using deep learning methods for this task.
The second is, when the images contain clouds, vegetation, shadows, bright soil or road
fragments and map labels fully automatic segmentation may be incorrect. We accom-
modate established image processing, human correction and neural network fine-tuning
to ensure both reproduction of outputs and intuivity of human visualisation. The main
objective is to compare predicted urban masks from 2013 and 2024 and quantify the
increase in detected built-up area. The contributions are threefold: (i) a compact work-
flow that uses HSV-based pseudo-labeling, manual refinement, and U-Net fine-tuning;
(i1) a communication-oriented output design based on comparative masks and urban-
growth overlays; and (iii) a pixel-based quantification of urban expansion in Santa Cruz
Island that can be used as a preliminary indicator for further geospatial analysis.

2 Related Work and Theoretical Foundation

2.1  Geospatial Communication and Visualization

The relevance of this study to ICOMTA lies in the use of image-processing and learn-
ing-based methods to produce communicable spatial evidence. Geospatial communica-
tion refers here to the design and transmission of spatial information through maps,
overlays, indicators, and interactive or reproducible workflows. MacEachren argues
that map design involves cognitive and semiotic decisions that influence how spatial
information is understood [1]. Kraak similarly describes geovisualization as an integra-
tion of cartography, image analysis, information visualization, exploratory data analy-
sis, and GIS for the visual exploration and presentation of geospatial data [2].

The significance of this perspective lies in the fact that urban growth cannot be fully
represented by a segmentation model alone. Communication arises when the model
output is converted into a visual quantitative form that facilitates interpretation. For that
reason, the binary urban masks comparison 2013 to 2024 and the colored growth visu-
alization presented in this paper are not only outputs of technical nature; they are prod-
ucts of visual communication about how territory has changed.
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The rise of web-based geographic information and user-generated geographic data also
shows that geospatial technologies have become part of contemporary communication
ecosystems. Goodchild describes citizens and digital platforms as new producers and
disseminators of geographic information [3]. Although the present work does not use
volunteered geographic information, it follows the same broader logic: digital tools can
make geographic evidence easier to produce, share, and interpret.

2.2 Urban Remote Sensing and Semantic Segmentation

Remote sensing has been widely used to measure urban growth, built-up areas, and
impervious surfaces. Herold et al. combine remote sensing, spatial metrics, and urban-
growth modeling to analyze the spatiotemporal form of urban change [4]. Weng re-
views requirements, methods, and trends for remote sensing of urban impervious sur-
faces, highlighting the importance of image quality, scale, and classification strategy
[5]. Seto et al. demonstrate that urban expansion has direct implications for biodiversity
and carbon pools, which is especially relevant for ecologically sensitive regions [6].
Recent advances in convolutional neural networks have improved dense image labeling
and object extraction from aerial and satellite images. U-Net introduced an encoder-
decoder architecture for pixel-level segmentation with limited annotated data [7], while
EfficientNet proposed a systematic model-scaling strategy for efficient convolutional
backbones [8]. In remote sensing, fully convolutional approaches have been used for
building extraction from aerial and satellite imagery [9]. The present paper adapts these
ideas to a small-data scenario by first creating pseudo-labels, then manually refining
them, and finally fine-tuning a U-Net model.

The literature suggests that urban remote sensing becomes more useful when it is con-
nected to interpretation and communication. For this reason, the proposed workflow
emphasizes not only model performance but also the creation of outputs that can be
read as maps: stable urban area, new urban growth, and uncertain loss or detection
changes.

3 Methodology

Satellite Images HSV Baseline Initial Masks
2013 and 2024 Bright-roof detection White — urban
Y
U-Net Fine-tuning Corrected Dataset Manual Refinement

Pretrained encoder Image—mask pairs Python editor
Y
Prediction Urban Growth
Urban mask 2013-2024

Fig. 1. Workflow for satellite-based urban expansion analysis and geospatial communication of
urban growth in Santa Cruz Island, Galapagos.
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3.1  Satellite Image Collection and Annotation Goal

Input data Satellite screenshot of Santa Cruz Island Overall, the input to the model came
as paired captures of the year 2013 and more specifically, the year is for 2024. Each
image was paired with a binary mask where white pixels indicated buildings or other
visible built structures in the dataset and black pixels denoted all other areas classified
as non-urban, including vegetation, roads, soil, shadows and clouds. The dataset for
rapid tuning contained five image-mask pairs. The dataset consisted of four training
pairs and one validation pair. Here, the annotation rule was kept constant for both years
in order to compare growth. The purpose of the annotation was to provide a clear signal
for manually annotated buildings with an application above detection, but not as rigor-
ous as a formal official cadastral feedback product. Of course, this distinction matters
for communication: outputs should be interpreted as a kind of proof of models that we
produce when trained.

3.2  HSV-Based Initial Segmentation

The first segmentation stage used the HSV color space. The baseline assumed that many
roofs and built structures appear as bright and low-saturation regions. Therefore, pixels
with high value and relatively low saturation were selected as urban candidates. Mor-
phological filtering and connected-component filtering were then applied to reduce
noise.

This method rapidly produced initial masks, but it also missed dark roofs, roofs under
vegetation, and low-contrast buildings. It also confused bright soil, clouds, map labels,
and some road fragments with buildings. Therefore, the HSV result was treated as a
pseudo-label rather than a final ground truth.

Fig. 2. Limitations of HSV-based segmentation: missed structures and false positives.

3.3 Mask Refinement Tool

To avoid redrawing masks manually, a Python-based correction tool was implemented.
The tool loads the original satellite image and its preliminary binary mask, displays the
mask as a transparent red overlay, and allows the user to add or remove mask regions
with the mouse. This step improves the quality of the labels used for neural-network
training and makes the annotation process easier to audit.

From a communication-technology perspective, the manual refinement interface also
serves as a verification layer. It allows the analyst to inspect the visual relationship
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between the image and the mask before the mask becomes training data, reducing the
risk of communicating obvious segmentation errors as if they were urban growth.

Before Manual Correction After Manual Correction

Comparison of mask refinement using the Python-based mask editor.

Fig. 3. Manual mask refinement using the Python-based correction tool.

3.4 Learning-Based Segmentation

After mask correction, a U-Net model was fine-tuned to classify each pixel as urban or
non-urban. The model used an EfficientNet-BO encoder initialized with ImageNet
weights and was implemented with segmentation-models-pytorch [10]. Since the
source images were large, training was performed using random 512 x 512 patches
instead of full images. To compensate for the small proportion of urban pixels, the sam-
pler favored patches containing positive mask pixels with a positive patch fraction of
0.75.

Table 1. Dataset split and main fine-tuning parameters.

Setting Value Setting Value
Model U-Net Encoder EfficientNet-BO
Initial weights ImageNet Library SMP
Training pairs 4 Validation pairs 1
Patch size 512x 512 Positive patch frac- 0.75
tion
Epochs 10 Samples per epoch 300
Validation patches 100 Batch size 1
Learning rate 3x 1074 Loss BCE + Dice
Positive weight 3.0 Best checkpoint epoch 7

Lightweight augmentation included flips, rotations, brightness changes, saturation
changes, and blur. During inference, large images were predicted by tiles, probability
maps were merged, a threshold was applied, and small connected components were
removed.
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3.5 Urban Growth Measurement

Urban growth was estimated by counting the white pixels in the binary masks predicted
for 2013 and 2024. Pixels detected in both years were interpreted as stable urban area,
pixels detected only in 2024 as new urban growth, and pixels detected only in 2013 as
loss or uncertain detection. Due to the way in which these images correspond to screen-
shots and not mosaic based georeferenced orthomosaics, results are reported as model
based pixel-area indicators in lieu of official hectare measurements.

3.6 Communication-Oriented Output Design

The end result at a finer scale is to convey the change in three orthogonal pieces of
information: (i) binary masks on urban and non-urban pixels, (ii) summary tables by
year and zone indicating the quantity of change and (iii) a colorized overlay indicating
stable urban area, new urban growth, or while exact loss or uncertain detections. This
design choice responds to the need to make technical segmentation results understand-
able for audiences that may not be familiar with neural networks or remote-sensing
metrics.

4 Experimental Results

4.1 Segmentation Performance

The 10-epoch fine-tuning experiment reached its best validation checkpoint at epoch 7,
with an IoU of 0.6544 and an F1-score of 0.7911. The precision of 0.8819 indicates that
most pixels predicted as urban were correct, while the recall of 0.7173 shows that some
urban regions were still missed. The later decrease in validation performance motivated
keeping the best checkpoint rather than the final epoch.

Table 2. Best validation checkpoint from the 10-epoch fine-tuning experiment.

Epoch Val. loss IoU F1-score Precision Recall
7 0.4192 0.6544 0.7911 0.8819 0.7173

Validation metrics during fine-tuning
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Fig. 4. Validation metrics during fine-tuning.
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HSV-Based Segmentation

Original Image Binary Urban Mask Detection Overlay

Zone 6 | White pixels = urban/building candidates | Red overlay = detected urban areas

Neural Network-Based Segmentation

Original Image Predicted Urban Mask Prediction Overlay

Zone 6 | White pixels = urban/buik | Red overlay = areas

Fig. 5. Qualitative comparison between HSV-based and neural-network segmentation.

4.2  Urban Expansion Results

The predicted masks show a clear increase in detected urban pixel area. Across all an-
alyzed Santa Cruz zones, the urban area increased from 5,663,312 pixels in 2013 to
14,428,135 pixels in 2024, producing a net increase of 8,764,823 pixels and a relative
net growth of 154.76%.

Table 3. Pixel-based urban expansion summary from the predicted masks.

Metric Total zones Base zone
Urban area 2013 5,663,312 px 2,725,212 px
Urban area 2024 14,428,135 px 7,829,338 px
Stable urban area 3,911,249 px 2,296,545 px
New urban growth 10,516,886 px 5,532,793 px
Loss / uncertain area 1,752,063 px 428,667 px
Net growth 8,764,823 px 5,104,126 px
Relative growth vs. 2013 154.76% 187.29%

The base zone shown in Fig. 6 increased from 2,725,212 pixels in 2013 to 7,829,338
pixels in 2024, equivalent to a net increase of 5,104,126 pixels and an estimated 2.87x
increase.
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Table 4. Relative net growth by analyzed zone.

Zone Relative net growth vs. 2013
Zone 5 503.93%

Zone 6 379.12%

Base zone 187.29%

Zone 4 170.91%

Zone 3 158.99%

Zone 8 76.97%

Zone 2 22.52%

The largest relative growth was observed in Zone 5, followed by Zone 6 and the base
zone. However, relative percentages must be interpreted carefully: when a zone has a
small detected urban area in 2013, even a moderate increase in 2024 can produce a very
large percentage change.

Urban Growth Visualization

(A) Overlay Map (B) Segmentation Map

[ Red = Urban Growth I  Bive = Existing Urban Area

Fig. 6. Predicted urban-growth visualization for Santa Cruz Island. Red indicates new urban
growth, blue stable urban area, and yellow loss or uncertain detections.

5 Discussion

The proposed workflow combines speed and adaptability: HSV segmentation provides
fast pseudo-labels, manual correction improves label quality, and U-Net fine-tuning
adapts the detector to the visual conditions of Santa Cruz Island. Results indicate a
sharp estimated built-up area increase from 2013 to 2024 but should be interpreted as
model derived pixel-area indicators and not official land-area estimates. The central
axis of the revised framing of the paper is connection to communication technologies.
A segmentation metric driving this workflow is realizing a visual interpretation that can
be modeled on the surfaces, overlays, and tabulations. The method thus aids environ-
mental communication in translating satellite impression into a more perception acces-
sible visual vocabulary: stable urban classes, newly detected urban expansion and un-
certain transformations. The study also shows how applied artificial intelligence can
support communication processes without replacing human interpretation. The manual
refinement step recognizes that segmentation errors can change the message conveyed
by a map. Therefore, the analyst remains part of the communication pipeline, validating
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masks before they are used to train the model and before results are transformed into
public-facing visualizations.

Several limitations must be considered. Clouds, roads, shadows, map labels, bright soil
and segmentation errors can all result in false positives. This small test set contained
only five corrected image and mask pairs, therefore the model is intended as a quick
proof of concept rather than widely generalizable detector. Also the images were
screenshots and not georeferenced orthomosaics meaning the pixel counts cannot yet
be accurately converted to hectare-level estimates. Future work should include georef-
erenced imagery, more corrected masks, external validation, threshold calibration, and
user-centered evaluation of how different audiences interpret the resulting maps.

6 Conclusion

This work presents a reproducible pipeline for estimating and communicating urban
expansion in Santa Cruz Island, Galapagos. HSV-based pseudo-labeling, manual mask
refinement, and U-Net fine-tuning were combined to produce urban masks from satel-
lite screenshots. The best checkpoint achieved an IoU of 0.6544 and an F1-score of
0.7911. The comparison between 2013 and 2024 estimated an increase in detected ur-
ban area from 5.66 million to 14.43 million pixels, corresponding to a net increase of
154.76%. This paper views segmentation as a geospatial communication technology
that opens new means of interpretation through visualization and quantitative evidence
from, often spectrally complex, satellite imagery. The masks, tables, and growth maps
can be useful to show urban transformation to researchers as well as institutional actors
or non-specialist audiences.

Nevertheless, hectare-level measurement requires georeferenced imagery or a reliable
meters-per-pixel scale, and future work should validate both the technical accuracy and
the communicative usefulness of the outputs.
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