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Abstract
Urban visual perception remains a commonly used tool to quantify
the human experience in cities. Studies continue to collect location
and demographic-specific data as global models and synthetic data
fails to capture residents’ nuances. In this work, we explore a first
analysis on the minimum data collection for demographic-specific
perception prediction models. We found that more data does not
always equal better models. While some perceptual dimensions
consistently improve with more labeled data, some perceptual di-
mensions fluctuate. We call for researchers to carefully handle these
dimensions, to provide guiding prompts in the perception rating or
to have a specific strategy in image sampling. This preliminary re-
sults contributes to urban science guidelines and recommendations
for more empirical and human-centric studies.

CCS Concepts
• Human-centered computing; • Social and professional top-
ics→ Geographic characteristics; • Computing methodolo-
gies → Machine learning; • Applied computing → Law, social
and behavioral sciences;
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1 Introduction
Urban visual perception remains a commonly used tool to quantify
the human experience in cities. Studies commonly rely on street-
level imagery and human preferences as labels to develop percep-
tion prediction models [1]. For localized interventions and analyses,
researchers continue to collect local data, both imagery and res-
idents’ preferences, to improve global models’ performances [3],
as these models were found to shift from residents’ responses [5].
Despite advances in LLM-based responses, these models still need
local context understanding tomatch human evaluative nuances [4],
underscoring the need for data collection in areas in specific loca-
tions or preferences from specific populations. In this poster, we
propose a first analysis on the minimum number of rated images for
demographic-specific urban visual perception prediction models to
provide researchers guidelines when deploying urban visual percep-
tion studies in the wild. Using a global dataset with demographic
information [5], we incrementally fine-tuned a perception model
to location-specific respondents perception ratings. We show that
model performance is perception-dependent. Some perceptual mod-
els require at least 100 samples (i.e., rated images) to stabilize their
performance across different demographics, while other indicators
show marginal improvements even with more labeled data.

2 Dataset selection and experiment design
Dataset selection:We used the SPECS [5] dataset as ground truth,
which includes street-level image pairwise comparisons rated by
200 participants per country (Chile, Netherlands, Nigeria, Singa-
pore, and USA) across ten perceptual indicators. We selected the
six traditional indicators (safe, lively, wealthy, beautiful, boring,
and depressing) and used country-specific perception ratings [5],
retaining images with at least four pairwise comparisons per in-
dicator [1]. Grouping by country of residence yields the largest
per-group datasets (273–306 participants).

Model selection: Following existing global perceptual mod-
els [2], we used a vision transformer backbone pre-trained on Ima-
geNet with a classification head predicting high (≥5.0) or low (<5.0)
ratings, with final scores computed as 10 × 𝑙𝑜𝑔𝑖𝑡 + 1 × (1 − 𝑙𝑜𝑔𝑖𝑡).

Experiment design: For each country-specific dataset, we ap-
plied an 80/20 train/test split and fine-tuned the classification head
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Figure 1: Fine-tuning performance metrics across zero-shot and incremental training samples for each perceptual indicator
and demographic-specific dataset. Lines show the average values and shaded areas the 95% CI across 30 iterations.

(backbone frozen) on progressively larger training subsets. We re-
port accuracy and RMSE from zero-shot to incremental predictions,
repeated 30 times with different random splits (Figure 1). Implemen-
tation details are available at https://github.com/matqr/perception-
fine-tuning.

3 Preliminary results
Across all country-specific datasets, lively and boring perception
models consistently improve with more training data, stabilizing
at roughly 100 samples. Conversely, the remaining four perceptual
dimensions (safe, beautiful, wealthy, and depressing) show incon-
sistent behavior, with marginal performance gains observed pri-
marily in the Netherlands and Nigeria datasets. This suggests that
certain perceptual dimensions are interpreted similarly across re-
gions, potentially reducing the data requirements for their modeling.
However, others show more variability, highlighting the inherent
complexity of modeling subjective preferences A critical factor in
this variability is the street-level imagery itself; the selection and
composition of these images are essential for capturing human
experience. Notably, performance values remained relatively low
across all indicators and country-specific datasets. This was antic-
ipated, as perception prediction is notoriously challenging, with
global models reporting average accuracies ranging from 61.6% to
76.7% [2]. This modest performance is further explained by the
model architecture: the base model retains weights pre-trained on
ImageNet (an object recognition task), while the classification head
is trained from scratch for perception prediction. Ultimately, our
goal was not to achieve state-of-the-art performance, but to demon-
strate the potential of fine-tuning models for targeted interventions
using publicly available datasets.

4 Conclusions and discussion
These preliminary findings motivate further exploration and in-
creased transparency in urban visual perception modeling, par-
ticularly as the research landscape shifts toward more complex,
LLM-based architectures [4]. While numerous studies continue
to prioritize the optimization of model performance, we shift our

attention to the nuances of image selection and data collection
protocols. Ultimately, this work poses the fundamental question
of whether the future of the field lies in fine-tuning increasingly
larger models or in developing specialized architectures trained
from scratch for perceptual tasks.
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