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Abstract:

Streetscapes are an essential component of urban space. Their assessment is presently either limited to
morphometric properties of their mass skeleton or requires labor-intensive qualitative evaluations of visually
perceived qualities. This paper introduces SAGAI: Streetscape Analysis with Generative Artificial Intelligence,
a modular workflow for scoring street-level urban scenes using open-access data and vision-language models.
SAGAI integrates OpenStreetMap geometries, Google Street View imagery, and a lightweight version of the
LLaVA model to generate structured spatial indicators from images via customizable natural language prompts.
The pipeline includes an automated mapping module that aggregates visual scores at both the point and street
levels, enabling direct cartographic interpretation. It operates without task-specific training or proprietary
software dependencies, supporting scalable and interpretable analysis of urban environments. Two exploratory
case studies in Nice and Vienna illustrate SAGAI’s capacity to produce geospatial outputs from vision-language
inference. The initial results show strong performance for binary urban-rural scene classification, moderate
precisionin commercial feature detection, and lower estimates, but still informative, of sidewalk width. Fully
deployable by any user, SAGAI can be easily adapted to a wide range of urban research themes, such as
walkability, safety, or urban design, through prompt modification alone.

1. Introduction

Assessing the qualities and functions of urban streetscapes is essen-
tial to understand walkability, safety, commercial vitality, and social
life in cities [1-3]. However, traditional methods for observing and
evaluating street-level conditions, such as field surveys, audits, and
manual photo interpretation, remain time-consuming, labor-intensive,
and difficult to scale beyond small pilot zones [2]. Geo-processing
of vector models of the built environment allows the assessment of
morphometric properties of the skeletal streetscape [4,5], that is, of
the 3D masses defining the visual channel of the streetscape. However,
more fine-grained aspects of the streetscape, including building facades,
urban furniture, sidewalks, materials and texture of built-up elements,
greenery, cleanliness, etc. can play a fundamental role for human per-
ception and usage of the public space of the street. These elements are
collectively referred to as the skin of the streetscape [4], and are rarely
the object of automated assessment through street imagery. Clarke et al.
[6] and Rundle et al. [7] are among the first to propose the use of
streetscape images accessed online to produce a complete assessment
of the streetscape, but they end up using traditional manual audit

methods remotelyinstead of on site. While previous work has leveraged
convolutional neural networks (CNNs) and object detection models to
extract discrete features from streetscape imagery—such as sidewalks,
trees, building facades, or cars—these approaches are generally task-
specific. They require extensive annotated datasets and custom training
for each visual variable of interest. As a result, they are difficult to
adapt tonew cities or scoring criteria, and struggle with capturing more
abstract qualities like perceived safety, beauty, or walkability.

In contrast, vision-language models (VLMs) such as LLaVA (Large
Language and Vision Assistant) offer a flexible alternative. These gen-
erative Al models combine a visual encoder with a large language
model, allowing them to interpret street-level imagery and respond
to natural language prompts. Instead of requiring pre-labeled data or
retraining, a VLM like LLaVA can produce structured outputs—such
as counts, classifications, or measurements—directly from descriptive
instructions. Forinstance, it can be asked: “How wide is the sidewalk?”
or “Are any commercial storefronts visible?”, and respond with a scalar
answer like 1.5 m or 2 storefronts.
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This capability is particularly valuable in street view auditing,
where many important features are qualitative, spatially heteroge-
neous, or difficult to define in advance. By enabling zero-shot inter-
pretation of visual content, generative VLMs dramatically reduce the
barriers to scalable, customizable streetscape assessment. LLaVA stands
out among current models due to its open-source nature, efficient
architecture, and support for lightweight deployment—making it a
practical tool for geospatial research and urban analytics.

The present research develops and operationalizes SAGAI
(Streetscape Analysis with Generative Artificial Intelligence), a four-
step workflow designed to automate the application of such protocols
usingopen-access geospatial data and vision-language models. SAGAI
enables reproducible and scalable image-based scoring on large urban
areas. Built entirely in Python and deployable in free-tier Google Colab
environments, the workflow links OpenStreetMap, Google Street View,
and LLaVA to generate structured indicators of the built environment
at street scale. Each of the four modules—point generation, image
retrieval, model inference, and spatial aggregation—is designed to be
modular, transparent, and adaptable to awide range of urban research
questions.

The remainder of this paper is organized as follows. Section 2
reviews related work in streetscape analysis, Al applications in urban
contexts, and recent developments in vision-language models. Section 3
presents the SAGAI workflow, describing each of its four modules.
Section 4 illustrates the pipeline through two case studies in Nice,
France and Vienna, Austria. Section 5 reports accuracy results from
manual validation and highlights interpretative gaps between Al pre-
dictions and human annotations. Section 6 discusses performance, lim-
itations, and future extensions. We conclude in Section 7 by outlining
implications for urban analysis and open-source tool development.

2. Related work

Research on streetscape analysis haslongrelied on computer vision
to extract information from urban imagery, particularly from plat-
forms like Google Street View. Before the rise of generative artificial
intelligence (GenAl), urban studies predominantly employed discrim-
inative models—algorithms designed to detect and classify specific
visual features using pre-labeled datasets. A foundational example is
Treepedia [8], which calculated a Green View Index through semantic
segmentation of GSV panoramas toquantifyurban tree canopy. Street-
level imagery has since become a vital data source in urban research,
enabling a range of applications: detecting sidewalks [9], measuring
visual clutter from vegetation [10], classifying facade-level attributes
such as fences and setbacks [11], and even inferring neighborhood de-
mographics from the types of visible vehicles [12]. Recent works such
as Urban Visual Intelligence [13] consolidate these approaches into a
structured hierarchy, leveraging discriminative Al and deep learning
techniques—such as semantic segmentation and scene classification—
for large-scale physical and socioeconomic analysis of cities based on
street-level images.

These studies typically relied on convolutional neural networks
(CNNs) and object detectors such as R-CNN [14] or YOLO [15], trained
on extensive labeled corpora via supervised or semi-supervised learn-
ing. While effective, such models are constrained by their architecture
and training scope—optimized for specific tasks, rather than for con-
textual interpretation or semantic abstraction. Their generalizability
depends heavily on dataset coverage and annotation quality, often
requiring domain-specific training pipelines and hard-coded feature
engineering.

Parallel to this, the field of geospatial artificial intelligence (GeoAl)
is emerging as a broader paradigm integrating spatial data, machine
learning, and advanced computational tools. GeoAl applications have
proliferated across multiple domains of human geography—including
urban morphology, mobility, health, and inequality—leveraging spatial
imagery (satellite, aerial, or street-level) for classification, prediction,

and simulation tasks [16]. Recent work further demonstrates GeoAl’s
capacity to map building footprints, classify land use, and model nat-
ural hazards using multimodal datasets [17]. However, despite these
advancements, most GeoAl pipelines remain discriminative in nature—
focused on identifying what is in a given image, rather than generating
data, novel descriptions or simulating transformations from a given
image.

Ashiftis currentlyunderway with the emergence of vision-language
models (VLMs)—a class of generative architectures that jointly process
images and text within a unified framework. Unlike traditional dis-
criminative models trained on object labels and bounding boxes, VLMs
learn from large datasets of image—-text pairs, enabling more flexible
and contextual interpretation of visual scenes. These models typically
consist of two core components: a vision encoder, which extracts visual
featuresfromimages, and alargelanguage model (LLM), which handles
the textualinput, performsreasoning, and generates responses.

Models such as LLaVA [18], BLIP-2 [19], GPT-4 with Vision [20],
and Flamingo [21] all follow this general architecture. A widely
adopted vision encoder in these systems is CLIP [22], an open-source
model trained to align image and text representations in a shared
embedding space via contrastive learning. While CLIP is commonly
used due toits performance and accessibility, other encoders—such as
Vision Transformers (ViT) [23] or Swin Transformers [24]—can also
fulfill this role depending on the model.

In the case of LLaVA, the architecture explicitly wraps these com-
ponents with an intermediate projection layer that aligns the im-
age embeddings from the vision encoder with the token embeddings
expected by the LLM. This enables multimodal inference, such as
answering image-based questions, generating descriptions, or reason-
ing about spatial configurations, without task-specific retraining. Its
open-source nature and efficient implementation—including quantized
variants for deployment on consumer-grade hardware—make LLaVA
especially suited for research and practical applications in geospatial
and urban analytics.

Despite these advances, the potential of vision-language models
(VLMs) for geospatial and urban research remains largely underex-
plored. Afewrecent studies have begun to experiment with approaches
that resonate with the principles underlying SAGAI. For example,
StreetViewLLM integrates street-level imagery with geographic meta-
data to infer location and semantic context, employing chain-of-thought
prompting to enhance spatial reasoning [25]. Similarly, CityLLaVA
adapts a LLaVA-style architecture to urban safety scenarios, combining
structured prompts and bounding box inputs to interpret city envi-
ronments [26]. Blecic¢ et al. [27] propose a multimodal LLM-based
workflow for assessing urban walkability from street view images,
which augments visual scoring with textual interpretation to support
planning decisions. In a complementary direction, Wei et al. [28] intro-
duce GeoTool-GPT, a fine-tuned LLaMA-2 model designed to interface
with GIS tools, while Beydokhti et al. [29] explore qualitative spatial
reasoning for geospatial question answering. Additionally, Schmidt
etal. [30] evaluate the spatial accuracy of several VLMs—including
LLaVA1.6 and GPT-40—in geocoding flood-related imagery.

Taken together, these studies reflect a growing interest in applying
large multimodal and language models to urban domains. However,
they also highlight a shared methodological challenge: how to evaluate
generative models that do not rely on task-specific training. Unlike
traditional object detection models, which are validated through com-
parisons with pixel- or label-level ground truth, vision-language models
like LLaVA operate in a zero-shot setting and require alternative evalu-
ation strategies. Most ofthe aforementioned works, including ours, rely
on human-in-the-loop validation—comparing model predictions with
expert assessments or manual annotations—to assess semantic plausi-
bility and consistency. This paradigm emphasizes interpretability and
generalization over task-bound accuracy, makingit especially relevant
for open-ended, perception-based urban questions.
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Fig. 1. The Four Modules of the SAGAI Workflow.

SAGAI contributes to this evolving field by combining generative
vision-language reasoning with reproducible geospatial workflows, ex-
plicitly linking semanticimage interpretation with open-access spatial
datasets. SAGAI was developed within the emc2 research project [31],
aimingto assess the potential of suburban areas for a human-centered
15 min city model. Within the project, urban patterns were identified
within streetscapes of test areas, combining fieldwork data and ad hoc
geoprocessing tools [32]. The need emerged to automate the workflow
using street imagery as input and performing combined operations of
object recognition, classification, counting and measurement to assess
the presence/absence of the selected patterns, above all at the level
ofthe streetscape skin. SAGAlis thusthefirst step towards automating
complex operations of streetscape assessment. It is designed to generate
interpretable numeric indicators—such as walkability, conviviality or
safety scores—at scale, while preserving sensitivity to urban street
network topology and human-centered planning theory [33,34]. By
doing so, SAGAI bridges the gap between Al-powered image analysis
and actionable urban insights, enabling customizable prompts and
spatialized outputs across diverse urban themes.

3. Methodology: The SAGAI workflow

SAGAIlisstructuredintofourmodules, eachimplementedin Python
and designed torunin Google Colab. All scripts use Google Drive for
reading inputs and saving outputs, requiring a one-time authentication
step at the beginning of each session. The four modules are described
below (see Fig. 1).

3.1. Module 1: OSM point generator

The first module of the SAGAI workflow is designed to generate
sample points along the street network of a user-defined area. It
operates without requiring any input data beyond a bounding box, as
it automatically retrieves the relevant street geometries from Open-
StreetMap. This ensures global applicability while minimizing the
preparation burden on the user.

Once the network is downloaded, points are distributed along the
streets based on two user-defined parameters: spacing and offset. The
spacing determines the distance between points, while the offset pre-
vents placing points too close tointersections. Each pointis associated
with its corresponding street segment via a unique identifier, enabling
subsequent spatial aggregation steps.

The output consists of a single GeoPackage containing two layers:
the cleaned street network and the set of generated points. These are
projected to appropriate coordinate systems for accurate distance calcu-
lationsand thenreprojected togeographic coordinates for compatibility
with later modules. This general-purpose module provides the spatial
input for image retrieval and visual scoring tasks.

3.2. Module 2: Street view batch downloader

The second module of SAGAI automates the retrieval of street-
level imagery from Google Street View based on the geographic points
generated in the first module. For each location, the scriptsends
requests to the Google Street View Static API to download images in
four predefined directions—typically the cardinal angles (0°, 90°, 180°,
and 270°). The number and orientation of views can be adjusted by
the user, as can camera parameters such as pitch and field of view
angles. To detect missing or invalid imagery, a filtering step is ap-
plied immediately after download: images dominated by a single pixel
value—commonly used in Google’s “no imagery” placeholders—are
flagged accordingly.

The user must provide an active APl key with access to the Street
View Static API. The outputis a structured dataset of georeferenced
images that serves as input for the subsequent image-based scoring
module. Designed for high-throughput execution in the Google Colab
environment, the module can scale efficiently to thousands oflocations
with minimal user intervention.

3.3. Module 3: Scene assessment with LLaVA

The third module is the core of the SAGAI pipeline. It performs
automated image-based scoringusing the LLaVAv1.6 model with a
Mistral-7Bbackbone. Itapplies structured promptstoeachimagetoex-
tract specific visual information—such as classification as urban scene,
commercial presence, or sidewalk width—and returns a corresponding
numerical score. The model is loaded in 4-bit quantized format to
support efficient inference in memory-constrained environments. All
components areopen-access andretrieved from Hugging Face, awidely
used repository for distributing pretrained machine learning models. By
default, the script uses the publicly available checkpoint (a snapshot of
themodel’s stateataparticular pointduringtraining)liuhaotian/llava-
v1.6-mistral-7b, which can be downloaded without authentication. If
users wish to use private weights, a Hugging Face account and access
token may be required.

A custom scoring function is implemented to structure the interac-
tion between the image input and the LLaVA model. It follows LLaVA’s
conversation architecture, embedding the prompt with image tokens
and formattingit using role-based templates. Images are preprocessed
using CLIP-compatible vision encoders and inferenceis performed with
low-temperature sampling and stopping criteria adapted to extract
concise scalar outputs. Temperature sampling adjusts the randomness
of the model’s predictions—lower values make the output more deter-
ministic, whichis desirable for scoring tasks. Stoppingcriteria are used
to terminate the generation process once a specific token or pattern
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is detected, ensuring that only the relevant part of the response is
returned. This controlled generation strategy helps enforce the expected
numerical format and improves reproducibility across sessions.

Each image is processed independently using a user-defined prompt
thatencodes a scoring rule in natural language. The default configura-
tion includes three pre-coded scoring tasks: (i) binary classification of
urban versus rural scenes, (ii) shopfront counting, and (iii) estimation
of sidewalk width. The desired taskis selected through a task identifier
(T1, T2, or T3), which activates the corresponding prompt template.
These prompts can be freely modified or replaced by the user to
implement other visual feature scoring strategies.

The script automatically reads the images retrieved by Module 2.
Files previously marked as unavailable are skipped from visual analysis
but still recorded in the output table to preserve traceability. A resum-
ing mechanism allows the script to continue from the last processed
image if an output file already exists. This feature is particularly useful
whenworkingwithlarge-scale studyareas, such asentire metropolitan
regions, where long runtimes or interruptions are common.

Themoduleisfullyautomated and requires minimal userinput. The
numerical scores produced in this module serve as direct inputs for the
final stage of the pipeline, which aggregates and maps the results at the
spatial level.

3.4. Module 4: Geospatial scoring aggregation and mapping

The fourth module of the SAGAI workflow aggregates the image-
based scores and integrates them into a geospatial dataset. It takes
as input the numerical outputs generated in Module 3 along with the
spatial geometries produced in Module 1, and summarizes the values
at both the point and street segment levels.

All four summary statistics are retained in the output GeoPackage
for both points and streets. The user can then select either the mean
or sum values for cartographic rendering, depending on the task and
desired interpretation. Indeed, a visualization tool is integrated to
render twothematicmaps: oneshowingthevaluesassigned atthe point
level and the other the scores at the street level. Streets and points
without any valid data are displayed in gray.

The module requires three inputs: the case study name, thetask
identifier, and the aggregation mode for the maps. This final step
of the pipeline allows users to translate raw visual assessments into
interpretable spatial scores suitable for urban analysis, cartographic
representation, or downstream statistical modeling. The outputs can
serve as a foundation for further spatial analysis. In particular, the
point-level indicators can be passed into complementary methods that
retain the underlying street-based topology (e.g. ILINCS Yamada and
Thill [35]) or to identify recurring spatial configurations.

3.5. Open-source availability and repository access

The full implementation of SAGAI (v1.0) is released as open-source
software and publicly accessible at: https://github.com/perezjoan/
SAGAI

The repository includes:

Modular Python scripts forallfour components ofthe pipeline;
Predefined prompts for the three scoring tasks (urban classifica-
tion, storefront counting, and sidewalk width estimation);
Sample inputs and outputs for the Nice and Vienna case studies;
Colab-ready notebooks enabling direct execution in the cloud;
Detailed “NOTICE”files for each module, covering inputs, config-
uration, and expected outputs.

The platform is designed for zero-shot deployment on free-tier
Google Colab environments. Only minimal configuration (bounding
box coordinates, APl key, and task identifier) is required to run the full
pipeline. No local installation or specialized hardware is needed. The

codebase is released under an open license; details on dependencies and
usage rights are provided in the repository’s LICENSE file. In addition
to the current notebook-based version, future releases of SAGAI are
planned to include an installable Python package.

4. Empirical evaluation: Two case studies in the peripheral areas
of Nice and Vienna

Toillustrate the capabilities of the SAGAI workflow, two contrasting
urban environments were selected: the Paillon Valley in the north-
eastern outskirts of Nice, France, and the western districts of Penzing
and Wolfersbergin Vienna, Austria. Both areas present complex spatial
structures but differ significantly in morphology, density, and land
use. The Paillon Valley follows a narrow strip of flatland, linking the
housing project of L’Ariane, in Nice, with the surrounding municipal-
ities. It is characterized by linear urbanization, mixed land uses, and
constrained topography. In contrast, the Penzing-Wolfersberg sector of
Viennalies at the foothills ofthe Wienerwald and features alow-density
residential fabric with allotment gardens, winding roads, and forested
patches. These case studies were chosen for their heterogeneity and the
diversity of visual environments they offer, enabling the evaluation of
SAGAI across distinct urban forms. Fig. 2 presents the spatial distri-
bution of sampled points and their corresponding Street View image
availability for the two case studies—Paillon Valley (Nice) on the left
and Penzing-Wolfersberg (Vienna) on the right. In both areas, points
were generated during module 1 along the OSM street network using a
fixed offset of 15 m from intersections and aspacinginterval of 40 m.
The tabulated metrics show that despite covering a smaller bounding
box (4.96 km?), the Vienna case includes more street segments (1228
vs. 955) and a slightly longer total street length (154.84 km vs. 141.31
km), reflecting the denser layout of the street network in the area.

The Nice case study achieved near-complete coverage, with 1775
out of 1898 points successfully associated with four valid images. Only
123 points (6.5%) lacked coverage. In contrast, the one in Vienna
shows significant coverage gaps: 449 of 1948 points (23%) returned
no imagery. These gaps, visualized as red points in the figure, are
especially concentrated along the southern and northeastern fringes
of the Vienna study area. These discrepancies are not the result of
the sampling procedure but rather reflect underlying differences in
Street View coverage. The lack of imagery is often associated with
areas that are poorly served by vehicular access, such as cul-de-sacs,
pedestrian-only paths, or segments located within forested or semi-
private residential zones. These features are more prevalent in the hilly
and low-density morphology of Penzing and Wolfersberg, explaining
the higher rate of missing images relative to the more continuous and
linear urban form of Paillon Valley in Nice (see Table 1).

To evaluate the SAGAI workflow, all three predefined tasks of
module 3 are deployed in both case studies. These include: (T1) a
categorization task to classify scenes as either urban or rural; (T2) a
counting task to detect the number of visible commercial storefronts;
and (T3) ameasuring task to estimate the visible width of sidewalks.
Each task is implemented using a modular prompt architecture that
guides the LLaVA vision-language model to return concise scalar values.
Prompts are dynamically assembled from four components — {role_de-
scription}, {theory_model}, {task}, and {response_format}—allowing for

Table 1
Street network and imagery statistics for the nice and vienna case studies.

Metric Nice (Paillon Valley) Vienna (Penzing & Wolfersber;
Number of street segments 955 1228

Total street length 141.31 km 154.84 km

Total number of points 1898 1948

Bounding box surface 6.18 km? 4.96 km?

Points with 4 images 1775 1499

Points with no coverage 123 449
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Fig. 2. Street View Image Availability by Sample Point in Nice (left) and Vienna (right).

flexible adaptation to different visual features or scoring schemes. The

resulting outputs range from binary classifications (T1), to cardinal

counts (T2), and continuous numeric estimates (T3). This triad of tasks
demonstrates SAGAI’s capacity to extract diverse visualinformation
all relevant to the assessment of urban streetscapes—establishinga
robust and extensible approach for comparative spatial analysis of
streetscapes. Complete prompt examples used in version 1.0 of SAGAI
are included in Appendix A.

The scoring outputs generated for each image are then aggregated
spatially following the procedure described in Module 4. For every
sampled point, the scores obtained across four directional images are
summarized into a single point-level metric by averaging and sum-
ming valid values. These point-level results are further linked to their
corresponding street segments to produce aggregated scores at the
street level. The following section presents the results of this geospatial
aggregation for each task, comparing distributions across the Nice and

Vienna study areas.

5. Experimental results

To evaluate the reliability of SAGAI, a manual validation pro-
cedure was conducted across the three predefined scoring tasks—
categorization (T1), counting (T2), and measuring (T3)—in both case
study areas. A stratified random sample of 300 image-level predictions
was selected and compared against human annotations. For each task,
class-specific precision and total accuracy were calculated. Ambiguous

cases—where the human annotator could not confidently assign a score
due to unclear visual content, image truncation, or corrupted input—

aremarkedas “NA”. These are excluded from accuracy calculations but

still counted in the reported samplesizes.

Table 2 summarizes the precision and overall accuracy results for
each city and task. In Task 1 (urbanvs. rural categorization), where
the model assigns a score of O for rural and 1 for urban, SAGAI
achieved its highest performance, with 92.73% total accuracy. In Task
2 (storefront counting), which uses O for no visible storefronts, 1 for
onestorefront,and 2+ formultiple, performancedeclined—particularly
for intermediate categories. Task 3 (sidewalk width estimation), which

accepts arange of values such as 0, 0.5, 1.0, 1.5, and so on, showed
the lowest precision overall. This reflects the increased complexity and
difficult objectification of fine-grained visual assessments.

Beyond the overall accuracy metrics, manual inspection revealed
systematic differences in how the model interprets visual scenes com-
pared to human annotators. First, we noted that ambiguity is not
exclusive to Al since certain cases proved challenging even for human
annotators. Fig. 3 illustrates several examples across the three tasks
(T1-T3)where the model’s predictions diverged from human judgment.
Red boxes! illustrate features that were likely misinterpreted by the Al

! Red and green rectangles are not object detection bounding boxes, but
visual annotations added manually to highlight interpretation differences

between human and Al assessments.
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Table 2

Accuracy and ¢ ass-specific precision for each scoringtaskinnice and vienna (Random Sa ples, Human Validation)

Task Location Precision 0 Precision 0.5 Precision 1 Precision 1.5 Precision 2+ Overall Accuracy NA Cases
Nice 95.83% (23/24) - 84.00% (21/25) - - 89.80% (45/50) 1

T1: Categorization Vienna 91.30% (21/23) - 91.67% (22/24) - - 91.49% (43/47) 3
Total - - - - - 91.67% (88/96) 4
Nice 90.00% (18/20) - 70.00% (14/20) - 60.00% (12/20) 73.33% (44/60) 0

T2: Counting Vienna 100.00% (20/20) - 45.00% (9/20) - 20.00% (4/20) 55.00% (33/60) 0
Total - - - - - 64.17% (77/120) 0
Nice 71.43% (10/14) 25.00% (3/12) 53.85% (7/13) 53.33% (8/15) - 51.85% (28/54) 6

T3: Measuring Vienna 53.33% (8/15) 61.54% (8/13) 64.29% (9/14) 46.67% (7/15) - 56.14% (32/57) 3
Total - - - - - 54.05% (60/111) 9

T1 T3 T3

T2
Al: 0 | Human: 1 Al: 2 | Human: 1

2
Al: 1 | Human: 0

Al: 0.0 | Human: 0.5
T =

Al: 0.5 | Human: 0
N

e

Fig. 3. Examples of Misclassified Images with Highlighted Interpretation Gaps between Human and Al Scoring.

while the green boxes highlight the elements that human annotators
considered relevant when assigning their score.

ForTask 1 (urbanvs.ruralclassification), failures typically stemmed
from hybrid landscapes where natural and built elements coexist. In
the example shown, the model misclassified a clearly urban setting
as rural, possibly due to the presence of large green spaces in the
foreground. In Task 2 (storefront counting), we observed common
confusions with non-commercial elements or with commercial elements
which are not storefronts. The model often interpreted advertising
signs, parked commercial vehicles, utility structures or clusters of waste
containers as storefronts. Task 3 (sidewalk width estimation) presented
the most diverse range of misinterpretations. One common issue was
the consistent identification of grass strips—typical of North Amer-
ican residential streets—as sidewalks, even when they were clearly
not usable pedestrian space. Painted edge lines serving as pedestrian
sidewalks were also often not detected as sidewalks by the Al.

Another recurring issue arose when two sidewalks appeared in the
same image: without instruction on which side to evaluate, the model
made inconsistent or averaged estimations. While this ambiguity had
limited impact when sidewalks were of similar widths on both sides,
it remained a source of error in other configurations. Notably, the
modelneverreturned awidthabove 2 m, even when wider sidewalks
were visible in the validation sample. Yet, not all mismatches should
be interpreted as complete failures. For instance, detecting one store-
front instead of two, or slightly underestimating a sidewalk width, is
qualitatively better than returning no detection at all. That said, some
failure patterns cannot be explained. For example, in certain images
with novisible sidewalk at all, the model still returned a non-zero width
estimate.

These examples illustrate how the LLaVA v1.6 Mistral-7B model,
despite performing well in structured tasks, struggles with contextual
reasoningin more complex urban scenes. They also highlight the value
of integrating options for expressing uncertainty in the prompts. For
the full set of annotated examples and corresponding scores, readers
are referred to Appendix B.

Fig. 4 shows the spatial distribution of predicted urban scores from
Module 4 -Task 1 (categorization) for the two case study areas: Nice

(left) and Vienna (right). The left panel of each city map shows aver-
aged point-based predictions, while the right panel displays averaged
scores atthestreet segmentlevel. Indeed, even point-based predictions
have average values of the urban character of the scene, as 4 street-
view images are normally associated with each point. A continuous
color scale from light yellow (O: rural) to dark purple (1: urban) reflects
themodel’sresults, with gray elementsrepresentinglocations where no
prediction could be made due to missing imagery.

In both cities, the model clearly differentiates central urban cores
from peripheral or more natural areas. In Nice, the densely urbanized
housing project of L’Ariane and the valley floor stand out with high
scores, while hillside streets and isolated paths along the Paillon River
tend to receive lower urban character values. Similarly, in Vienna, the
denseroad network of Penzingis consistently classified as urban, while
peripheral allotment zones and forest-adjacent roads receive lower
scores. The aggregated street-level visualizations help reveal broader
structural patterns and remove isolated point-level noise, highlighting
the value of spatial smoothing.

Fig. 5 presents the summed outputs for Task 2 (Storefront Count-
ing),visualized as total scores at both the pointlevel and street-segment
level (right subpanels) for Nice and Vienna. The underlying hypothesis
for the sum statisticsis that the 40 m spacing among the sample points
is able to produce a good coverage of street segments while minimizing
double counting of storefronts. In Nice, the model accurately highlights
commercial corridors such as boulevard de 1’Ariane and the central
axis of Paillon Valley, the Auchan Shopping Mallin the east and the
central street of the municipality of Drapin the north, —consistent with
both observed commercial density and the high validation accuracy
achieved in this case. Conversely, predicted scores drop sharply in
low-density or peri-urban areas, aligning with expectations. In Vienna,
although several high-score clusters align with known commercial
zones—particularly in the southern sector and near keyjunctions—
interpretation is less straightforward due to lower model accuracy in
this area, especially for intermediate storefront counts, as confirmed
by the manual validation results.

Fig. 6 presents the average predicted sidewalk width scores from
Task 3 (Measuring), visualized at both the point level (left subpanels)
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Fig. 4. Averaged Urban Character Scores from Module 4 — Task 1 (Categorization) for Nice (left) and Vienna (right), at Point and Street Segment Levels.

and as segment-level averages (right subpanels) for the Nice (top) and
Vienna (bottom) study areas. Some spatial coherence can be observed
in these results: for instance, wider thoroughfares such as Boulevard de
I’Ariane in Nice tend to display higher predicted scores than adjacent
narrower streets, which aligns with real-world expectations. However,
other inconsistencies appear, including scattered high values in loca-
tions unlikely to feature wide sidewalks and abrupt variations between
adjacent segments. In addition to the averaging of four separateimages
perlocation—which tends todampen values—these patternsreflect the
broader range of error types previously discussed for this task. Asa
result, predicted widths rarely exceed 1 m, even in visibly wider areas.
Whilesome encouraging spatial signals emerge, the overalluncertainty
and variability of Task 3 predictions limit our ability to confidently
interpret or comment on these results.

6. Discussion and perspectives

To ensure accessibility and broad usability, the current implementa-
tion of SAGAI (v1.0) deliberately adopts the lightest possible configura-
tion. The workflow uses the official LLaVA v1.6 Mistral-7B checkpoint
in 4-bit quantized format, allowing the full pipeline to run on free-tier
environments in Google Colab. This design choice ensures that SAGAI
is readily deployable by users without access to high-performance
computing resources. Despite this minimal setup, the algorithm already
demonstrates strong performance across some visual scoring tasks.
Moreover, there is considerable potential to improve accuracy through
lightweight strategiesalone. Forinstance, promptengineering—e.g.in-
structing the model to return “NA” when uncertain or to append
qualifiers like “(unsure)”—can improve robustness without loading a
heavier model. Another strategy would be multi-pass voting, where
the model is run multiple times on the same image and only the
majority result is kept. This helps retain consistent predictions and filter
outunstable outputs. Rule-based validation filters, such as suppress-
ing values below or above realistic thresholds or filtering predictions
on visually degraded images, may further enhance output quality.
These strategies offer a pragmatic way to improve performance while
preserving SAGAI’s lightweight and accessible nature.

Fromaresearch perspective, multiple extensions are planned toim-
prove the accuracy and flexibility of SAGAI The current version relies
on Mistral-7B, a 7-billion-parameter language model, which balances
accuracy and computational cost. Future versions may explore larger
or more advanced backbones, including LLaMA-2 13B [36] or Mixtral
8 X 7B [37], which may capture finer visual nuances and improve
interpretabilityin complexscenes. In parallel, experimentswith higher-
precision quantization formats (e.g., 8-bit or 16-bit) and newer LLaVA
variants (e.g., LLaVA-Plus, LLaVA-NeXT [38]) will be explored, as
these already integrate more advanced vision encoders beyond CLIP.
These models may offer improved robustness in occluded, cluttered,
or ambiguous urban scenes, while preserving computational efficiency.
Proprietary multimodal systems such as Gemini or GPT-4V may also
be evaluated in order to assess how commercial vision-language archi-
tectures compare to LLaVA in the context of SAGAI. Thus, in future
versions, we plan to implement a modular inference backend that will
support alternative model weights as well as API-based access to com-
mercial VLMs. This will provide users with flexibility to balance per-
formance, interpretability, and compute constraints, and enable exper-
imentation with new architectures as they become available. While the
present study focuses on LLaVA as an accessible and general-purpose
VLM, future work should also include comparative evaluation with
other model families (e.g. supervised CNN-based pipelines). Such com-
parisons would help quantify the trade-offs between interpretability,
flexibility, and task-specific accuracy across modeling paradigms.

Importantly, the current implementation of SAGAI relies entirely
on zero-shotlearning: the vision-language model generates structured
numerical outputs directly from natural language prompts, without
any task-specific fine-tuning. This zero-shot generalization capability
is one of the workflow’s core strengths, enabling immediate deploy-
ment across different cities or scoring schemes, as long as prompts
are clearly defined. However, this flexibility comes with limitations,
particularlyin visually ambiguous or culturally variable environments.
To address this, future releases of SAGAI will include an optional
few-shot learning module. This module will allow users to provide
small labeled datasets—comprising only a few annotated examples—
tolocally calibrate the model. Such integration will make it possible
to bridge generic prompting and task-specific customization, enabling
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semi-supervised workflows that improve both precision and reliability
in urban visual scoring tasks.

In addition to accuracy, on a standard Google Colab session (free
tier), each case study—Nice and Vienna—required approximately
9,000 s (2.5 h) to process the full image set through the LLaVA model.
This corresponds to an average throughput of around 1,200-1,300
images per hour, including image loading, preprocessing, and infer-
ence. The Street View Batch Downloader (Module 2) required ap-
proximately 80 min to retrieve and save all images for a single case
study (7,000-8,000 images), depending on connection speed and server
response times. While these figures already demonstrate reasonable
throughputin a cloud-based environment, further acceleration is pos-
sible. Future versions may parallelize image downloads and model
inference—such as issuing concurrent API requests or batching mul-
tiple images for scoring—which would enable SAGAI to scale more
efficiently to larger datasets or multi-temporal applications.

Beyond the vision-language component, several additional enhance-
mentscould further strengthen the broader SAGAI pipeline. One practi-
callimitation arises from the potential mismatch between the location
of the sample points and the actual position from which the Street
View images are captured. This discrepancy may introduce spatial
noise, especially in dense or topographically complex environments.
Future versions of SAGAI could leverage the metadata embedded in
Street View imagery—such as precise camera coordinates or heading
information—to reassign sample points to the true image capture lo-
cation. Moreover, the current implementation relies on the Google
Street View Static API, which does not support querying historical
imagery. However, integrating alternative platforms such as Mapillary
or Google’s dynamic API endpoints could eventually enable temporal
analyses, allowing researchers to track visual changes in the built
environment over time. Finally, instead of capturing four fixed images
at orthogonal directions, it may be more efficient to compute the local
street orientation and only retrieve views aligned with the primary road
axis—i.e., forward and backward along the street segment—thereby
reducing redundancy and improving task relevance.

Themodular promptarchitecture ofthe current version of SAGAI al-
readyallows userstodefine newtasks by customizingnaturallanguage
instructions. In addition, the three tasks implemented within SAGAI
as examples—classifying, counting, and measuring—can be flexibly
combined to support more specific protocols for streetscape assess-
ment, such as identifying patterns related to streetscapes and public
space components within pattern languages (e.g., 33,39). More broadly,
this opens up the possibility of assessing visually observable urban
scenes in relation to normative theoretical models. Thus, through the
methodological improvements mentioned above—such as the use of
heavier Al models, prompt engineering, few-shot learning, and code
parallelization to scale up the spatial extent of urban analysis—SAGAI
will open new perspectives for producing automated assessments of
visually perceived built environments, integrating fine-grained qualities
of the streetscape skin. Diachronic analysis of streetscape transforma-
tions over time also offers a promising avenue to assess the impact
of underlying urban processes—such as gentrification, pauperization,
cultural changes or the effects of specific policies and market trends—
sincethe streetscape skin tendsto evolve more rapidly than the skeletal
built volumes that supportit [40]. In addition to its current focus on
street-level imagery, SAGAI’s architecture can be extended to other
imagery domains and problem settings. Relevant examples include
work on crime risk classification using micro-built environment fea-
tures and object-based building extraction from high-resolution aerial
data [41,42].

7. Conclusion
This paper introduced SAGAI—Streetscape Analysis with Genera-

tive Artificial Intelligence—a lightweight, reproducible workflow that
leverages open-access data and generative vision-language models to

Geomatica 77 (2025) 100063

automate the scoring of street-level urban environments. Building upon
recent advances in VLMs such as LLaVA, the pipeline demonstrates
that complex visual tasks—including binary classification, object count-
ing, and dimensional estimation—can now be performed consistently
and with reasonable accuracy, without task-specific training or heavy
computational infrastructure.

Empirical results across two distinct urban settings, Nice and Vi-
enna, show that the system achieves high accuracy in scene classi-
fication (over 90%), moderate precision in storefront detection, and
lower—but still informative—performance in estimating
sidewalk width. These outcomes illustrate both the promise and the
current limits of zero-shot VLMs in urban contexts. Importantly, many
misclassifications arose not from outright model errors but from inher-
ent ambiguities in the visual scenes or insufficiently precise prompt
formulations. In several cases, the model’s outputs were closer to plau-
sible approximations than actual errors, suggesting that further gains
may be achieved through prompt refinement rather than architectural
overhaul.

Designed to run entirely in Python and deployable in free-tier
Google Colab environments, SAGAI offers a reproducible and extensible
workflow for researchers and practitioners alike. Its main contribution
is to enrich streetscape analysis with micro-scale elements that are
typically assessed visually, as they are absent from available geo-
databases. Thisisachieved byleveragingonline streetimagery through
generative Al algorithms. Its modular architecture makes it suitable for
a range of urban applications, including walkability audits, streetscape
benchmarking, infrastructure planning, and spatial equity assessments.
The system can bereadily adapted to new case studies, tasks, or scoring
schemes simply by adjusting the prompts, underscoring its potential
for broad reuse across geographic contexts and research questions.
Yet, while SAGAI’s zero-shot setup ensures wide applicability, localized
fine-tuning may be required in settings with atypical streetscapes or
culturally specific features.

The full codebase of SAGAL including setup instructions and prompt
templates, is available in the public GitHub repository described in
Section 3.5. Future developments will focus on integrating few-shot
tuning modules, supporting alternative imagery sources and vision-
language models, and expanding the library of scoring prompts. As
such, SAGAI provides both a methodological contribution and a prac-
tical foundation for the next generation of geospatial research using
generative multimodal Al for streetscape analysis. A forthcoming de-
velopment direction involves refactoring SAGAI into a Python package
with modular architecture and a command-line interface, enabling
tighter integration with analytical toolchains and automated processing
workflows.
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Appendix A. Prompt templates used in SAGAI v1.0

Task T1—Categorization: Urban vs. Rural

{role_description} = You are an Al assistant designed to analyze street-level images. Your task is to
determine whether the environment shown in the image is urban or rural.

{theory_model} = Classification Guide:

- 0: Rural area sparse built environment, natural surroundings, few or no buildings.

- 1: Urban area dense built environment, visible infrastructure, buildings.

{task} = Carefully observe theimage and determine whetheritdepicts arural orurban environment.
Use the classification guide above to assign a score.

Return only the classification (O or 1). Do not explain your answer or add extra text.
{response_format} = Answer format: 0 or 1

Task T2—Counting: Visible Shopfronts

{role_description} = You are an Al assistant designed to analyze street-level images.

Your job is to detect the presence of commercial storefronts, such as shops, restaurants, or businesses.
{theory_model} = Scoring Guide:

- 0: No visible shops or commercial storefronts.

- 1: One visible shop or storefront.

- 2: More than one shop or storefront is visible.

{task} = Look at the image carefully and apply the scoring guide above.

Return only the score (0, 1, or 2) based on how many shops are visible.

Do not explain your answer or add text. Only output the number.

{response_format} = Answer format: 0, 1, or 2

Task T3—Measuring: Estimated Sidewalk Width

{role_description} = You are an Al assistant designed to analyze street-level images. Your task is to
estimate the visible width of a sidewalk.

{theory_model} = Scoring Guide:

- 0: No visible sidewalk or the sidewalk is not clearly identifiable.

- Otherwise:Returntheestimatedwidth ofthesidewalkinmeters,roundedtothenearest0.5 (e.g.,1.0,
1.5, 2.0, 2.5,3.0).

{task} =T.ocokattheimage carefully.Ifasidewalkisvisible,estimateitswidthin meters.

If no sidewalk is visible or it is unclear, return O.

Do not explain your answer or add any text. Only output a single number.

{response_format} = Answer format: O or a number (e.g., 1.0, 1.5, 2.0, 2.5, 3.0)
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Appendix B. LLaVA predictions and human annotations
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Data availability

Data and code are available at the linked GitHub repository, as described in the paper.
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