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Abstract. Given the growing ubiquity of AI and the consequent valorization of 
data in territorial representation, it becomes crucial to analyze how multimodal 
algorithms interpret spatial narratives and community dynamics. This research 
studies the effects of algorithmic automation on social mappings. Using 
"Balboa Observa" project, a collaborative web mapping initiative that 
documents Observatorio Music Festival in Spain, the study explores the 
interaction between collective cartography, ethnographic analysis, and AI-
driven data processing. Unlike conventional AI practices, the prioritizes 
analyses that avoid imposing structured categories on everyday narratives, 
allowing inclusion of sensitive information for deeper festival impact 
understanding. Through multimodal algorithms like CLIP and ImageBind 
analyzing images, texts, and audio recordings, the research reveals how AI-
generated spatial configurations differ from human interpretations and identifies 
biases from training data and algorithmic processes. The study highlights 
community participation and data ownership importance to mitigate biases and 
advocates for transparent, adaptable AI tools for social mapping.  

Keywords: Social Mapping, Critical GIS, Socio-spatial Theory, Machine 
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1   Introduction 

The research studies the effects of algorithmic automation on social mapping. 
Through the contrast of territorial analyses carried out by humans with artificial 
intelligence (AI) analyses, it aims to observe what distortions AI introduces in the 
representation of the territory. The proposal includes the use of analysis methods 
without fixed categories that reveal to local actors the orders and biases of digital 
representation. The concept of bias is approached not as an error to be corrected, but 
as an inherent and inevitable characteristic of AI systems, resulting from the specific 
perspectives and values contained in their databases. From this approach, the goal is 
to make the functioning of algorithms transparent and balance their role with that of 
humans, preventing these systems from obscuring the active participation of the local 
community in projecting their territorial reality. 
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In a first approach, a brief synthesis of the state of the art of the most prominent 
theories and references is carried out, to then apply the case study methodology. As a 
case study, we work in Balboa, a village in El Bierzo belonging to the popularly 
known as "España vaciada" [emptied Spain], an expression that designates rural areas 
of Spain that suffer depopulation [1]. Tourism has emerged as a transformative factor 
in rural environments that have transitioned from an agricultural-livestock model to 
one based on tourist activities. Balboa exemplifies this trend: although it has 
revitalized its livestock sector, tourism has become one of its main sources of income, 
especially in the form of music festivals such as Reggaeboa, Vibra Balboa and the 
Observatorio Festival. 

The Observatorio Festival, beyond music, seeks to involve its attendees with the 
community through workshops and cultural projects that positively impact Balboa 
and its surroundings. One of these projects is "Balboa Observa", a web mapping 
initiative that annually documents the surroundings of Balboa during the four days of 
the Festival, exploring the relationship between collective cartography, ethnographic 
analysis, and AI databases. 

In contrast to the extractivist character that conventionally characterizes data 
collection for AI, this research adopts an alternative approach inspired by 
ethnographic techniques that are more respectful of the reality to be represented [2]. 
The territory is collaboratively mapped from the point of view of its agents, giving 
them control so that it includes sensitive information such as images with 
recognizable faces, voices and personal stories, crucial information for a deeper 
understanding of the everyday narratives of the Festival. 

The processing of data through AI algorithms presents considerable complexity, 
mainly due to its "black box" nature. This opacity makes it difficult for both the 
individuals who record the data and the communities subject to recording to develop 
an understanding of the process and question their results. The present research 
focuses on identifying methods that facilitate an early and accurate understanding of 
the effects of these algorithms to offer communities greater participation and control 
in this process. 

2   Objectivity and Bias in Google Maps 

Google Maps, along with services such as Apple Maps and Bing Maps, has achieved 
its popularity among digital mapping services thanks to massive data collection, 
which creates an apparently objective representation of the world, but designed to 
meet Google's commercial objectives. The company combines satellite imagery and 
topographic data for aerial views, while for street-level views it uses various vehicles 
and devices equipped with 360° cameras and lidar scanners. These include cars, 
tricycles, backpacks, and boats, which capture geolocated images and three-
dimensional data [3, 4]. 

Government entities and organizations provide official information on buildings, 
roads, and public transport [5]. Simultaneously, real-time data on patterns of space 
usage and traffic are collected through the mobile devices of its users [6]. As a last 
resort to keep their information updated, they make use of AI-powered telephone bots 
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with synthesized voices which, simulating human calls, obtain additional data from 
businesses and organizations [7]. 

Google Local Guides, initially known as Panoramio, represents the only space 
apparently ceded to local actors in the Google Maps ecosystem. Acquired in 2007, 
Panoramio was originally a social network for sharing geolocated photographs [8]. 
After its acquisition and subsequent rebranding, the service has evolved towards a 
more map monetization-oriented approach. Although the platform promotes ideals of 
community participation, local empowerment, and generation of social impact, in 
practice, Google Local Guides focuses on collecting reviews and photographs of 
commercial establishments and tourist attractions [9]. 

Based on this information, Google Maps performs a more exhaustive processing 
of geospatial information and user-generated content known as knowledge extraction 
or "knowledge mining". This process includes the use of computer vision algorithms 
that, for example, analyze Street View images to extract data such as business names 
and hours [10], or study social patterns of entire neighborhoods by observing parked 
vehicles [11] or satellite images [12]. These algorithms, which employ neural 
networks, have the ability to work with enormous amounts of unstructured data, 
including images, text, or videos. The learning of these algorithms materializes in an 
abstract and numerical representation of the data, which crossed with geographic data 
allows for the automatic execution of complex tasks, such as, for example, analyzing 
visuals to detect unregistered routes [13] or guiding users through a territory by 
seeking routes that do not correspond to the most optimal path [14]. 

The apparent objectivity attributed to satellite imagery and AI processing devalues 
human contributions and contrasts with the interpretative nature of traditional 
cartography [15, 16]. This machine-based approach that collects data in an opaque 
manner, often without the knowledge or consent of the affected individuals, not only 
raises ethical questions but also excludes any alternative reality to that perceived by 
the machine [17]. As a result, the representation of geographic space in digital 
cartography is constrained by commercial interests and algorithmic biases, creating a 
limited image that systematically over-represents and invisibilizes minority or local 
perspectives [17]. 

3   The Possibility of an Alternative Model 

The democratization and improvement of web technologies, the creation of open 
databases, and research into new algorithmic analyses have driven the development of 
digital cartography outside the business sphere [18]. Works such as those by the urban 
planning studio 300,000 Km/s show how these new tools allow for the digital 
visualization of large territorial databases, revealing dimensions previously 
imperceptible to the human eye, such as the spatial distribution of pollution [19], the 
state of buildings [20], or urban uses and events [21]. The interactivity and near real-
time updating of these visualizations facilitate the study of events that unfold in both 
space and time, such as music festivals [22] or demonstrations in public spaces [23]. 
As a consequence of the acceleration of information, early detection of events 
requiring immediate intervention becomes possible, as in the monitoring of forest 
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fires [24]. However, these techniques not only offer new visualization methods but 
also present new challenges derived from their technical complexity and the use of 
large databases. 

In the public sector, the use of this information for automated decision-making 
presents both challenges and opportunities. AI governance poses a dilemma for 
governments: on the one hand, they must protect citizens from potential algorithmic 
harm; on the other, they are tempted to increase their efficiency through the use of 
algorithms [25]. 

A correct digital representation of the territory depends directly on the quality of 
the data, which has led companies and institutions to become interested in digitizing 
their pre-existing information and designing new methods for data collection [26]. To 
avoid public rejection, companies like Google choose to hide these processes totally 
or partially behind apparently benign projects, such as their maps service, which is 
presented as a public service to democratize terrestrial cartography [3]. Data 
collection has evolved from manual and evident methods towards increasingly 
invisible and efficient techniques, increasing the ability to obtain information without 
the user being aware of it [27]. 

The introduction of AI models in geospatial data analysis has brought innovation 
along with a greater degree of complexity. In contrast to traditional spatial analysis 
approaches, which are based on principles such as Tobler's First Law of Geography 
[28] where geographic proximity determines relationships between elements, machine 
learning algorithms are capable of extracting complex patterns from large amounts of 
data, revealing connections that go beyond simple spatial proximity. Within machine 
learning models, neural networks or deep learning allow these algorithms to work 
with unstructured data, such as images, audio, or texts. 

Machine learning data classification can use two main categories depending on 
whether or not a predefined order is sought: supervised and unsupervised. Supervised 
classification uses an algorithm with a predefined structure to apply it to new data. In 
the CLIP and the City research, the CLIP algorithm is used to classify urban 
panoramic images according to predefined cultural and architectural labels, spatially 
mapping the perceived characteristics of the city of Rome [29]. On the other hand, 
unsupervised classification infers a structure by observing patterns in the data, which 
implies a transition from deductive to inductive reasoning, starting from raw data to 
discover patterns. In the Urban Grammar AI research project, unsupervised learning is 
used to identify typological families of urban plots. This approach allows for the 
discovery of new categories of urban plots based on data such as shape, use, or 
construction period, which facilitates comparisons of urban fabric in different regions 
without relying on predefined classifications [30]. 

However, the statistical nature of these algorithms can blur nuances essential for a 
deep understanding of the phenomena they analyze [31]. These methods are based on 
mathematical functions that statistically calculate output values from input values. As 
a result, the generated models are statistical representations that approximate reality, 
but may not capture all of its complexity. This limitation becomes evident when 
attempting to quantify qualitative data. Algorithms, working exclusively with 
numbers, require the numerical translation of concepts previously considered 
impossible to measure. Various investigations seek to quantify qualitative concepts 
such as habitability, human perception of the city, or the subjective emotions 
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produced by urban streets, through visual scores given by citizens to Street View 
images [14, 32, 33]. These practices promote the idea that these concepts can be 
measured and predicted, rather than considering them as consequences of factors 
impossible to anticipate. However, the translation of urban complexity through static 
images and user scores eliminates other sensitive and temporal dimensions of these 
environments. This simplification biases the representation, offering an idealized 
version of urban reality [27]. 

The handling of personal and sensitive information represents one of the main 
challenges in data analysis. In late 2023, OpenAI, the company that owns ChatGPT, 
created the Data Partnerships program with the aim of collaborating with global 
organizations in creating extensive databases that "reflect human society", explicitly 
avoiding the collection of "sensitive or personal information" [34]. The complexity 
and variety of this type of information, added to privacy considerations, frequently 
leads to the anonymization of data. Although this process does not affect some 
analyses, in other cases, such as in the study of specific communities, it can result in 
the loss of significant details [27]. 

Despite the apparent difficulties in working with non-anonymous and sensitive 
data, there are fields such as medicine where AI analyses must always be 
accompanied by rigorous guarantees of privacy, transparency, and respect for 
individual data ownership. In the context of territorial analysis, territorial intelligence, 
a concept developed by Jean-Jacques Girardot, facilitates researchers, actors, and 
communities in acquiring a deeper knowledge of their environment, allowing them to 
manage their development more effectively. This approach recognizes the inherent 
complexity of territories and proposes the appropriation of information and 
communication technologies as a crucial step for local actors to initiate a learning 
process, enabling them to act in a pertinent and effective manner [35]. 

As Latour points out, the ubiquity of digital data and the immediacy of "real time" 
incapacitate our ability to process and understand information, resulting in a 
superficial and inauthentic experience that threatens to homogenize it [36]. 
Collaborative maps such as "Queering the map", which records personal experiences 
about the LGBTQ2IA+ collective around the world [37], "Aporee", which focuses on 
geolocated sound [38], and Native Land Digital, which maps the past and present 
territories of indigenous nations [39], propose methodologies that, although slower 
and more complex, are necessary to preserve minority and alternative narratives that 
deviate from the normative. Co-creation between different actors and perspectives 
offers visions of space that reflect a diversity of experiences and situated knowledge. 

The research seeks to study how automation affects social mapping. To do this, it 
replicates the standard methodology used in data science and machine learning, 
applying it to the collaborative mapping of a music festival's environment. The 
process includes: (1) data collection, (2) data processing, and (3) AI analysis. Manual 
analysis of unstructured data formats such as images, texts, and audio is usually very 
slow and costly due to the inherent complexity of each format. For this reason, we 
propose using multimodal algorithms capable of extracting patterns from large 
amounts of data in different formats and cross-referencing them in very little time. 
This classification will attempt to detect interesting patterns for agents in their 
mapping process. 
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To compare human and computational perception, three analysis methods are 
proposed. First, a spatiotemporal analysis is proposed, an approach similar to that 
performed during social mapping where only physical position and recording time are 
taken into account to observe their distribution. The second involves supervised 
classification using multimodal algorithms, the conventional method of using this 
type of algorithm. In it, two data of different formats are compared to find 
connections between patterns, as can be seen in the CLIP and the City project [29]. 
The third analysis proposes a less conventional approach by using unsupervised 
classification on the activations of multimodal algorithms. Instead of studying the 
final response of the algorithm, its internal activations or reactions are studied, a 
process similar to an electroencephalogram. Through explanatory techniques 
normally used in algorithm training, it is possible to partially reveal the real internal 
connections and biases of representation, allowing mapping participants to 
automatically discover, among enormous amounts of data, patterns invisible to the 
human eye. Inspired by the unsupervised methodology of the Urban Grammar AI 
project [30], this analysis does not impose patterns on the algorithm but lets the 
algorithm freely organize the information. It is important to note that these 
algorithmic analyses do not intend to replace but complement human perception, 
providing different ways of understanding information. 

4   Data Collection 

Data collection was carried out during the years 2022, 2023 and 2024, focusing on the 
village environment during the four days of the Festival. With the aim of creating an 
interactive and real-time record, a specific web application was developed for the 
event, accessible at www.balboaobserva.es (Figure 1). This tool, optimized for mobile 
devices, allowed attendees to upload data (photos, texts or audios) on a map of Balboa 
and visualize the contributions of other participants. The recording methodology was 
inspired by the "Photovoice" technique, defined by Caroline Wang and Mary Ann 
Burris as "a process by which individuals can identify, represent and enhance their 
community through the use of a specific photographic technique, entrusting cameras 
to individuals to act as recorders and potential catalysts for change in their own 
communities" [2]. 

To promote its use, social networks, posters and postcards with QR codes were 
used, in addition to conducting explanatory workshops. Participants in the recording 
were guided to record the everyday life of the Festival, including not only the main 
scheduled events, but also more routine situations outside the program. Before 
uploading each piece of data, participants had to explicitly accept that the information 
would be public and would be used for this study, thus obtaining their consent. 
Although the application does not record the identity of who uploads the information, 
the data itself is not anonymized, and may contain personal and sensitive information. 

Finally, it should be noted that biases in participation were identified, with a 
predominance of young users and a notably lower participation of the village's regular 
residents compared to Festival attendees. Although the objective of the research is not 
so much to obtain a faithful representation of reality as to understand the distortion 
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introduced by machine learning algorithms, these biases should be considered for the 
interpretation of the results and to avoid erroneous conclusions. 

 

Fig. 1. Balboa Observa map interface where participants can easily upload images, audios and 
texts during the festival. 

5   Data Processing 

After registration, the data was manually validated. Duplicates, those located outside 
the village limits or unrelated to the Festival were excluded, and incorrect locations 
were corrected. The content of images, texts and audios was not modified. Over the 
three years, 1107 images, 233 texts, and 76 audios were collected. The data collected 
during this time was aggregated into a single representative day, allowing for a more 
robust and generalizable analysis. This methodological decision is justified by the 
notable consistency observed in the spatio-temporal distribution patterns, attributable 
to the permanence of schedules and spaces of Festival activities during the three years 
analyzed. 

To discover deeper connections between the data, beyond spatial or temporal 
correlations, it is proposed to process the information using multimodal algorithms. 
These algorithms are capable of cross-referencing concepts between different formats, 
such as the images, texts, and audios from the map. Two types of algorithms are 
proposed: 

• CLIP (Contrastive Language-Image Pre-training), which connects text and 
images without the need for specific labels [40] 

• ImageBind, which extends these capabilities to other modalities, including 
audio [41]. 
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It is important to note that the identified relationships are influenced by the 
original training data of the models, so their use introduces biases in the interpretation 
of results. Although it would be ideal to train the multimodal algorithms with data 
relevant to the study to obtain more precise connections, this process is complex and 
computationally expensive. Therefore, the option is to use pre-trained models, 
recognizing that the established connections may not perfectly fit the specific context, 
but offer a solid basis for analysis. 

The multimodal algorithms process images, audios and texts through one of their 
parts called encoder that encodes them into numerical vectors called embeddings and 
that act as abstract representations of the information with which the algorithm can 
work. These vectors are composed of a set of dimensions or parameters, whose 
quantity varies according to the algorithm employed. In this case, the largest and most 
advanced models are chosen such as CLIP-ViT-L/14@336px which uses vectors of 
765 parameters and ImageBind_huge which employs 1060 to encode the information 
[40, 41]. It is essential to highlight that these numerical values are not directly 
interpretable by human beings; their understanding is reserved exclusively for the 
algorithm. 

6   Data Analysis 

Following the methodology employed in social mapping, an analysis oriented to 
generate new visualizations of the territory is carried out. In this case, three 
differentiated analyses are implemented with the objective of comparing both the 
benefits and the limitations inherent to each methodological approach. 

6.1   Spatiotemporal Analysis 

The collected data were manually classified through visual analysis to identify spatial 
and temporal clustering patterns. The results show that the highest density of points is 
concentrated in specific areas of the village, particularly around the central spaces and 
during the main moments of the Festival. In spatial terms, six main areas were 
identified from north to south where activity was most intense: Chis's Palloza; the 
Camping; the central space of the village known as the Pradera; the residential area of 
the town; the Amphitheater and the Forest. The temporal analysis reveals distinctive 
usage patterns: scarce activity in the morning, concentration in the Pradera and Chis's 
Palloza at midday, shift to the Camping during dinner time, and focus on the 
Amphitheater and Chis's Palloza at night (Figure 2). 
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Fig. 2. Spatiotemporal distribution of aggregated data across Balboa's main spaces. 
 
The combination of spatial and temporal analyses, as shown in Figure 3, allows 

for the disaggregation of data that share space but not time, revealing specific usage 
patterns. This is evidenced in the dual use of spaces such as Chis's Palloza, used for 
workshops during the day and concerts at night, or a plot in the Forest that hosts 
daytime workshops and in the early morning becomes an extension of the nighttime 
party. 
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Fig. 3. 24-hour Spatio-temporal Distribution of Aggregated Data. 

6.2   Supervised Analysis 

The classification of information through multimodal models leverages the zero-shot 
capabilities of these algorithms, that is, their ability to classify data that was not 
included during their training phase. This approach constitutes the methodological 
basis proposed in CLIP and ImageBind research [40, 41] and represents the standard 
method in studies employing these algorithms [29]. 

The classification process performs the comparison of embeddings from data with 
different formats through cosine similarity calculation. This study specifically 
implements the comparison between images and textual categories, given that images 
present greater territorial coverage. Multiple festival activities were defined and 
grouped into five categories: Community and Leisure, Music and Party, Workshops 
and Talks, Daily Needs, and Organization and Logistics. To optimize model 
performance, considering its original training base, texts were written in English 
preceded by the expression "A picture of a," thus imitating the characteristic 
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descriptions of its training database. Additionally, to address possible misalignment 
between representations, multiple variations of each textual description were 
generated, including terms specific to the Spanish context such as "siesta." 

 

 

Fig. 4. Spatiotemporal distribution of categories correctly detected by zero-shot classification 
and, in white, the misclassified data. 

Interaction Design and Architecture(s) Journal - IxD&A, N.65, 2025, pp. 90 - 114 
DOI: 10.55612/s-5002-065-003

100



 
 

 

 
The system individually calculates the similarity between each image and the 

activities. They are processed through a softmax function that transforms them into 
normalized probabilities that sum to 100%, identifying the category with the highest 
connection according to the model. No probability threshold was established to 
determine the validity of classifications, both due to the absence of a clear criterion 
and to evaluate the general certainty of the system. Instead, a manual filtering process 
was implemented image by image to verify the correspondence between automatic 
classification and the correct category. Only those results that presented alignment 
with the researchers' evaluation were counted in the final analysis. 

After comparative evaluation of both algorithms, exclusively the results obtained 
through CLIP were selected, given that ImageBind showed consistently lower 
probabilities and a greater number of errors detected during manual review. Of the 
total 1107 images, only 56% of the images were correctly categorized. The algorithm 
had problems mainly categorizing images where no clear activities appeared or with 
clear misalignments between the algorithm and Balboa when classifying local village 
people as people in costumes. Of the total well-categorized data, 58% were below a 
probability of 0.5, indicating that although it categorized correctly, in most cases it 
did not have very high certainty. The categories with the most errors were "people 
relaxing in shade," probably due to the use of the word "shade" which had more 
weight than the rest of the phrase, and "people taking a siesta," which generated very 
disparate results due to the Spanish term. The results of the algorithm can be seen in 
Figure 4 compared with the total data that was analyzed. 

6.2   Unsupervised Analysis 

The third analysis seeks to categorize the data without using predefined categories. 
This approach avoids confronting the algorithm with representations structured 
differently from its training database, allowing it to organize the information 
according to its intrinsic structure. This analysis, used in research such as Urban 
Grammar, studies the different characteristics of each data point to identify groups 
that share common features. 

In this case, each data point includes as characteristics its spatial and temporal 
variables, incorporating as an innovative element the numerical values of the 
embeddings. These values contain the characteristics identified by the algorithm. 
Although they are encoded and it is not possible to extract the numerical values 
corresponding to individual characteristics, it is feasible to use these values together 
with spatial and temporal data to detect groups with similar values and, consequently, 
comparable characteristics. 

Each embedding acts as a coordinate in a multidimensional space, where its 
location reflects the relationship with other elements in the distribution learned by the 
system. This multidimensional space is known as "latent space" and constitutes a 
representation of the model learned from the training database. In this space, points 
that present similar characteristics are grouped together, while those less related 
distance themselves from each other. For example, if we draw a vector between the 
points representing the concepts of "day" and "night", and move its origin to the point 
representing "Concert in the Pradera", the model could point to the concept "Concert 
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in the Amphitheater". The organization of information in the latent space facilitates 
the identification of patterns and similarities that would not be evident in the original 
data, allowing the discovery of connections between different aspects of urban space 
planning and use. 

 

Fig. 5. Balboa's main spaces distribution on the latent spaces of ImageBind (left) and CLIP 
(right). 

The multidimensional latent space requires dimensional reduction techniques for 
its visualization. Among these techniques, such as PCA, t-SNE or UMAP, UMAP is 
selected for its superior ability to preserve data structure in high-dimensionality 
embeddings [42]. These techniques transform complex data into two-dimensional or 
three-dimensional visual representations, maintaining the original relationships [42]. 
This visualization allows the projection of information associated with the main 
spaces of the town, previously ordered by its geospatial position, into the latent space 
generated by the algorithms. As shown in figure 5, the algorithmic connections distort 
and mix the spaces of the town, transcending the traditional spatial and temporal 
correlations of urbanism [28]. 

To identify areas of the town where common concepts exist, the processed data 
was analyzed using clustering techniques. Clustering, an unsupervised learning 
method, was employed to group similar data into sets called clusters, based on the 
similarity of their characteristics. Two clustering algorithms were selected: K-means 
and DBSCAN (Density-Based Spatial Clustering of Applications with Noise). K-
means, chosen for its effectiveness in analyzing multidimensional data, groups the 
data into a specific number of clusters, minimizing intra-cluster variance [43]. 
DBSCAN, selected for its better performance with irregularly shaped clusters and its 
robustness against noise, groups points in high-density regions, separating them from 
low-density regions [44]. 

The analysis was conducted by separately examining the spatiotemporal 
characteristics, CLIP embeddings, and ImageBind embeddings, as well as all their 
possible combinations. The concatenation of data and embeddings is a common 
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practice that allows for increasing dimensionality and offering a richer representation 
to the algorithm. The clustering methods were applied to both the original datasets 
and those subjected to dimensional reduction using UMAP. This reduction facilitates 
the algorithm's task by operating with a fewer number of variables, although it entails 
a loss of details in the representation. 

Additional datasets were created using only images due to the detection of the 
"Modality Gap" phenomenon, which caused the clustering to return groups 
exclusively of texts and others of audios, justifying the separate analysis of images to 
obtain more coherent results. To determine the optimal number of groups that best 
represented the dataset, various validation techniques were used: 

• Elbow Method: Used exclusively for K-means analysis, it provides an 
intuitive visualization of where improvement stabilizes as the number of 
clusters increases. 

• Silhouette Index: Measures the similarity of a data point to its own cluster 
compared to other clusters, providing a measure of the quality and 
consistency of the groups [45]. 

• Davies-Bouldin Index (DBI): Offers a more quantitative measure of the 
separation between clusters and takes into account the dispersion within 
them. 

• Noise Point Analysis: Applied specifically in DBSCAN, it evaluates the 
algorithm's effectiveness in identifying outliers. 
 

 

Fig. 6. Comparison of DBSCAN clustering performance across all analyses, where the effect of 
the "Modality Gap" produces generally lower scores in clusterings based solely on images. 
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These techniques were selected for their complementarity, offering a 
comprehensive evaluation of the quality and robustness of the clustering. The 
Silhouette Index was prioritized due to its ability to simultaneously evaluate internal 
cohesion and separation between clusters [45]. In a complementary manner, a visual 
exploration of the content was carried out to understand the main characteristics of the 
clusters. The centers of each group were calculated and the closest data points were 
obtained for visualization, considering them as the most representative of each cluster. 

One of the resulting models is selected for more in-depth study. Analyses that did 
not include spatio-temporal parameters and at least one of the algorithms were 
discarded, as data combination is one of the research objectives. The analyses that 
included texts and audios caused the clustering algorithm to generate specific clusters 
for these media, evidencing the effect of the "Modality Gap" and the persistent 
difficulty in achieving real multimodal understanding [46]. Consequently, these 
analyses were discarded. Between K-means and DBSCAN, K-means had very poor 
performance in detecting clusters, likely due to the complex and non-convex shapes 
that can be observed in the UMAPs. Therefore, it was decided to choose DBSCAN. 

For the selection of the final clustering analysis, three evaluation criteria were 
established: (1) optimal values in the Silhouette and Davies-Bouldin indices that 
confirm the quality of the grouping, (2) visual coherence of the clusters through 
graphical inspection, and (3) theoretical relevance for the analysis of the everyday 
dimension of the Festival. The dataset that integrates spatio-temporal information 
with CLIP and ImageBind embeddings met these requirements most satisfactorily. 
Although, in figure 6, it is observed that this dataset presented the lowest Silhouette 
index among the analyses based solely on images, it recorded the most favorable 
Davies-Bouldin index and showed clusters with highly significant distinctive 
characteristics for the proposed social mapping. 

The final analysis presents 10 clusters that capture different aspects of the Festival, 
as can be seen in figures 7 and 8. These can be visually grouped into broader 
categories for a better understanding of the representation offered by the algorithm. 
Firstly, areas related to nighttime festivities are identified. The "Performance Area" 
represents the core of the parties, the stages, sound equipment, and artists. In contrast, 
the "Festive Periphery" shows more everyday situations on the margins of nighttime 
concerts such as eating at food stalls or informal post-concert parties. 

Daytime leisure activities are reflected in several data families. The "Daytime 
Leisure Area" points to spaces that host events organized by the Festival such as 
concerts, workshops, and games. It also indicates other uses such as rest areas where 
attendees sunbathe or enjoy siestas. The areas called "Human portraits" focus on 
humans as protagonists, highlighting their interactions, outfits, and selfie culture, 
rather than the space where it occurs. The "River Beach" is distinguished as a 
differentiated meeting point, dedicated to bathing activity in the dammed area of the 
river. 
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Fig. 7. Spatiotemporal distribution of algorithm-detected clustersand and, in white, the 
uncategorized data. 

 
The habitable condition of the Festival is evidenced in groupings such as the 

"Quechua Campsite", characterized by a high density of Quechua brand tents from 
Decathlon. "Food, Waste and Objects" shows the concentration of objects related to 
ways of inhabiting these informal settlements. Likewise, cultural and collaborative 
activities are represented by the "Meeting and Workshop Area", which exhibits 
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human grouping patterns oriented towards workshops or group sessions. A specific 
example is the "Pinhole Photography Workshop", characterized by the use of 
homemade cameras to take black and white photographs. Finally, the "Non-Human 
Rural Environment" group offers an interesting contrast, showing a notable absence 
of direct human presence and focusing on non-human elements, crops, and rural 
structures of the surroundings. 

 

Fig. 8. Images sampled from cluster centroids (the mean point of all data points in each cluster) 

7   Discussion  

Artificial intelligence (AI) based analyses offer a new perspective on the territorial 
planning of Balboa and the daily life of the Festival Observatorio, generating 
structures different from traditional human planning. Compared to the conventional 
use given to multimodal algorithms in data analysis, the unsupervised method 
proposed in the research offers more interesting arrangements. Although this 
approach brings new views to the territory, it also presents significant challenges 
when applied to social mapping processes, including algorithmic biases, the need for 
transparency in decision-making, and inherent technical complexity. 

The geographic visualization of the groupings generated by the algorithm presents 
significant differences compared to those made by humans, particularly in their 
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spatio-temporal distribution. However, the representation of these groups in the latent 
space reflects an ordering closer to what a person could perform, as can be verified in 
figure 9. This similarity is attributed to the fact that the training database uses 
information generated and labeled by people [40]. 

 

 

Fig 9. Cluster spatial distribution in data-dense regions. 

The difference lies in that artificial intelligence can process thousands of different 
data simultaneously, finding measurable relationships between them. This leads it to 
propose more heterogeneous and specific zones, combining areas, activities, and 
times, in contrast to the human tendency to create more homogeneous structures to 
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handle large amounts of information. The unsupervised analysis through multimodal 
algorithms made it possible to disaggregate and understand from new perspectives the 
data grouped in the same cluster within high-density areas, such as the Pradera, Chis's 
Palloza, the Camping, and the Amphitheater, as evidenced in figure 9. The 
superposition of multiple areas in these spaces generates spatial configurations that 
are not intuitive for a human, but that can be understood as the superposition of 
multiple realities in the same space and time. This approach overcame the limitations 
of simple spatiotemporal analysis, offering a deeper and more nuanced understanding 
of the festival dynamics. The results of the supervised analysis also fell behind due to 
the need to introduce categories and the difficulty of these coinciding with those of 
the algorithm. The freedom that the unsupervised methodology allows the algorithm 
made it possible to identify patterns and relationships that were not evident in the 
direct visualization of the data, providing new perspectives on the distribution of the 
data. 

These analyses stand out for their ability to generate categories from the particular 
to the general, allowing the emergence of unexpected classifications. For example, it 
was possible to differentiate between core activities of the festival (such as concerts 
and workshops) and more peripheral and everyday situations. Additionally, these 
methods allow for identifying previously undetectable biases, such as the formation of 
groups based on distinctive visual characteristics. Examples of this are the "Human 
Portraits" area, due to the selfie format, or the images from the "Pinhole Photography 
Workshop", which formed an outlier due to their black and white style. These results 
underscore the importance of the chosen approach in data collection, as they reflect 
the intention to represent the daily life of the Festival. 

Unsupervised analysis presents advantages over supervised analysis in handling 
data that does not fit into any predefined category. While in supervised analysis, 
misclassified data detected through visual inspection is eliminated from the 
representation, uncategorized data in unsupervised analysis simply indicates that the 
algorithm does not find significant relationships between these elements and the rest 
of the dataset. This does not imply erroneous categorization, as their position in the 
latent space and their proximity to other groups can also provide valuable information 
about their characteristics. Furthermore, as shown in figure 10, the visualization of the 
latent space is considerably more interpretable than the individual numerical 
probability results produced by zero-shot classification for each data point. Although 
this representation presents some bias due to dimensional reduction, which inevitably 
involves information loss, the ability to observe relationships between all data 
simultaneously facilitates a more intuitive and comprehensive interpretation of the 
information contained in the dataset. 

The use of these tools to analyze the daily realities of the Festival through 
algorithms also faces significant challenges due to the multiplicity of final 
representations and the dependence on human interpretation. Although there are 
mathematical methods to evaluate the reliability of interpretations, these do not 
completely guarantee the objectivity of the analysis. For example, the results could 
suggest that the concatenation of spatiotemporal connections with multimodal 
embeddings facilitated the formation of clusters, but this hypothesis requires 
confirmation through additional analyses. Currently, there is no objective method to 
determine which ordering generated by the algorithm is closer to reality, beyond 
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visual observation. This implies that all orderings produced by the various 
combinations could be relevant and it would be erroneous to interpret the data 
groupings as real spatial configurations without due verification and interpretation. 

 

 

Fig 10. Comparison of latent space distributions: primary Balboa areas (left) vs. algorithm-
detected clusters (right). 

An additional problem identified in this research is that the multimodal algorithms 
used have predefined relationships that may not correspond to the studied reality, 
given that they have been trained with internet data not specialized in territorial 
analysis [47]. Although clustering is performed through unsupervised learning 
without a predefined structure, the training data of multimodal algorithms generate a 
structure that introduces biases. This affects their ability to analyze everyday and 
specific realities that deviate from the distribution of these algorithms, potentially 
concealing alternative realities.  

A possible solution would be the alignment of the algorithm through the creation 
of specific databases on territory, urbanism, or citizen participation. The 
representations proposed in this research help detect the biases introduced by these 
algorithms. These databases should be updated with contemporary and relevant 
information for each application context, with the citizen participation of the 
communities. In the specific case of music festivals in rural environments, it would be 
necessary to expand the study to more events, collecting detailed and specific 
information from each context to obtain a more complete picture of the phenomenon. 

However, this approach also presents problems by requiring the transfer of 
sensitive community data to third parties. The creation of these algorithms not only 
implies technical complexity, but also involves social and political decisions 
comparable to the definition of urban laws. A more respectful alternative with 
community data would be to create methods capable of guiding the algorithm, 
modifying its responses to align them in other directions while the data never leaves 
the community's possession. An example of this is LoRA (Low-Rank Adaptation) 
technology, an algorithm that couples to machine learning systems and allows 
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selectively adjusting certain parameters of the models to reduce specific biases 
without the need to retrain the entire system. [48] 

The processing speed of these algorithms observed in the research would allow 
real-time analysis both during data collection and in the final mapping phase, giving 
participants greater control over the final result. The implementation of these 
algorithms in social mapping processes and citizen participation presents an 
interesting potential as tools to efficiently handle situations with abundant 
information. In the final phases of mapping, when participants analyze the results to 
extract conclusions, these algorithmic analyses would complement the human 
perspective by providing a computational vision that can reveal non-evident patterns 
and relationships, thus enriching the collective interpretation process. 

However, it is crucial to implement adequate measures in data processing to avoid 
erroneous conclusions derived from the overwhelming amount of information 
handled. Given the emerging nature of this technology, it is necessary to develop 
protocols that guarantee the reliability of results and the transparency of algorithmic 
processes. The appropriate use of these systems involves establishing clear criteria for 
result validation, interpretation protocols that combine automated analysis and human 
supervision, and feedback mechanisms that allow user communities to understand and 
evaluate the algorithmic processes employed. Although the transparency of these 
complex systems is not yet resolved and their technical complexity is high, the main 
concepts and intuitions are easy to understand. 

The results indicate that the improvement of the tool should focus on making the 
flow of information transparent, quickly revealing the relationships that the algorithm 
articulates. It is crucial to show which realities are overrepresented in the final 
configuration to allow timely corrections. To improve the direct applicability of these 
algorithmic methods, it is crucial to develop techniques that allow the algorithm to 
reveal real connections and main characteristics of the groupings in a more objective 
manner. To mitigate biases, the tool should facilitate their detection in situ during data 
recording, allowing a faster and more complete understanding of the situation. The 
tool should offer flexibility to modify mapping parameters during recording, adapting 
to unforeseen situations. For example, it can promote the inclusion of the perspective 
of local residents, whose participation in data recording was limited. It is important to 
consider that the use of mobile phones can pose a barrier for certain users with 
difficulties accessing these media. The accessibility of the tool is fundamental so that 
people without technical knowledge can modify it and obtain an accurate 
representation of the data. 

Data ownership should remain in the hands of its users and legitimate owners. To 
achieve this, it is essential to provide local actors with appropriate computational 
tools, whose technical elements are generally affordable in terms of cost and 
maintenance. The use of local and private servers offers an additional layer of security 
for personal and sensitive data, especially valuable when there is a preference not to 
expose information to external systems. It is crucial that the service be subject to 
review by any community member, ensuring that the collection and use of 
information are strictly limited to the agreed purposes. The implementation of more 
transparent participatory processes in AI systems should include detailed forms of 
consent, granting individuals greater control over the final representations of their 
data. Likewise, it is fundamental to develop mechanisms that allow participants to 
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understand how their information will be used and have the ability to modify or 
withdraw their consent at any time. 

8   Conclusions  

Research on AI applications in social mapping reveals both advantages and 
challenges. Its main strength lies in the ability to quickly process large volumes of 
data, establishing specific connections between large amounts of information. 
However, its use must be careful and should not replace other established practices. 
Although the analytical complexity of this technology may appear more reliable than 
human analysis, the lack of real verifications makes human supervision by the 
involved communities indispensable. 

The research reveals that the collaborative development of multimodal algorithms 
with local actors is fundamental to adequately reflect local realities in social mapping. 
This participatory approach would allow capturing the relationships of interest and 
specific characteristics of each study environment. The results of the case study on 
music festivals in rural settings underscore the need to expand research to a wider 
variety of events and contexts to obtain a more complete and nuanced understanding 
of these social phenomena. Future studies should consider how to adapt and refine 
these algorithms to improve their accuracy and relevance in different social mapping 
scenarios. 

The importance of improving transparency and flexibility in AI-based social 
mapping tools is highlighted. Future developments should focus on more clearly 
revealing the relationships articulated by the algorithms and allowing real-time 
adjustments. It is essential to develop methods that facilitate the objective 
identification of main connections and characteristics in the data, as well as the 
detection of possible biases in the results. The potential application of these analyses 
in real-time opens up new possibilities for active citizen participation in social 
mapping processes. 

The ethical application of AI in social mapping requires maintaining ownership 
and control of data in the hands of users and local communities. It is imperative to 
develop more transparent and participatory processes in the collection and use of 
personal data, implementing more detailed and flexible consent mechanisms. The 
feasibility of using local infrastructures for these tools offers a promising solution to 
ensure the security of sensitive data. The future of this field must prioritize 
empowering communities in managing their own data and in supervising the AI 
processes used in social mapping, thus ensuring a more informed and equitable citizen 
participation. 

In this pioneering stage of AI, the desirable transparency and democratization 
should extend to the algorithms themselves. Revealing to individuals and 
communities the interpretations that these produce, explaining their generation and 
origin, would allow greater control over these processes and facilitate collaboration in 
the development of multimodal algorithms more representative of everyday realities. 
This openness is fundamental if one intends to think the world in collaboration with 
other intelligences and that they entrust their quality and trust in citizenship. 
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