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Abstract

Visual-Language Models (VLMs) have shown
remarkable performance across various tasks,
particularly in recognizing geographic informa-
tion from images. However, significant chal-
lenges remain, including biases and privacy
concerns. To systematically address these is-
sues in the context of geographic information
recognition, we introduce a benchmark dataset
consisting of 1,200 images paired with detailed
geographic metadata. Evaluating four VLMs,
we find that while these models demonstrate
the ability to recognize geographic information
from images, achieving up to 53.8% accuracy
in city prediction, they exhibit significant re-
gional biases. Specifically, performance is sub-
stantially higher for economically developed
and densely populated regions compared to less
developed (—12.5%) and sparsely populated
(—17.0%) areas. Moreover, the models exhibit
regional biases, frequently overpredicting cer-
tain locations; for instance, they consistently
predict Sydney for images taken in Australia.
The strong performance of VLMs also raises
privacy concerns, particularly for users who
share images online without the intent of being
identified. The code and dataset are provided
in the supplementary materials and will be pub-
licly available upon publication.

1 Introduction

Visual Language Models (VLMs) have demon-
strated the capability to comprehend visual con-
tent and respond to related queries (Bubeck et al.,
2023; Chow et al., 2025). Their applications span
text recognition (Liu et al., 2024c; Chen et al.,
2025), solving mathematical problems (Yang et al.,
2024b; Peng et al., 2024), and providing medical
services (Azad et al., 2023; Buckley et al., 2023).
Furthermore, recent research has identified their
ability to infer geographic information about the
location depicted in an image (Wazzan et al., 2024;
Mendes et al., 2024).
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Figure 1: The three types of biases identified in this
paper. “GT” is the ground truth while “Pre” represents
the VLM predictions.

However, the geographic information produced
by VLMs often contains inaccuracies and signifi-
cant biases (Haas et al., 2024). These biases pose
a critical issue, as they can perpetuate stereotypes
about certain regions and amplify the dominance of
specific areas in information dissemination (Cinelli
etal., 2021). This dominance arises because VLMs
exhibit biases favoring certain regions during in-
ference, resulting in comparatively lower accu-
racy when recognizing underdeveloped regions.
Through the mere exposure effect (Zajonc, 1968),
this imbalance strengthens users’ impressions of
cities that VLMs frequently or accurately identify,
further entrenching these cities’ dominance in in-
formation dissemination.

Existing studies (Liu et al., 2024b; Haas et al.,
2024; Yang et al., 2024a) have explored the ability
of VLMs to recognize geographic information from
images but lack a sufficient attention to bias. Specif-
ically, these studies fail to thoroughly analyze the



biases present in VLMs’ geographic information
recognition. To address this gap, we conduct a
systematic investigation into the capabilities and
biases of VLMs in geographic information recog-
nition. We categorize VLM biases in geographic
information recognition into two types: (1) dis-
parities in accuracy when identifying images from
different regions and (2) systematic tendencies to
predict certain regions more frequently during ge-
ographic inference. To evaluate these biases, we
develop a benchmark, FAIRLOCATOR, comprising
1,200 images from 111 cities across 43 countries,
sourced from Google Street View.! Each image is
accompanied by detailed geographic information,
including country, city, and street names. FAIR-
LOCATOR incorporates an evaluation framework
to automatically query VLMs, extract responses,
and align them with ground truth data using name
translation and deduplication.

The images are separated into two parts: (1)
Depth: To verify whether VLMs exhibit a ten-
dency to predict famous cities for similar cities
(i.e., cities within the same country), we select the
six most populous countries from each continent
and further choose ten cities from each country.
A biased model may predominantly predict well-
known cities, such as Tokyo or Osaka for images of
Japanese cities. (2) Breadth: To explore countries
with diverse cultures, populations, and develop-
ment levels, we select 60 cities from a worldwide
city list, ranked by population, with a maximum of
two cities per country to prevent overrepresentation
of highly populated nations. Four VLMs—GPT-
40 (OpenAl, 2023), Gemini-1.5-Pro (Pichai and
Hassabis, 2024), LLaMA-3.2-11B (Dubey et al.,
2024), and LLaVA-v1.6-Vicuna-13B (Liu et al.,
2024a)—are evaluated using FAIRLOCATOR.

We find that current VLMs exhibit notable biases
in three key aspects: (1) Bias toward well-known
cities: For instance, Gemini-1.5-Pro frequently pre-
dicts Sao Paulo for images from Brazil. While this
indicates the model’s ability to recognize Brazilian
features, it lacks the capacity to capture regional
diversity or subtle distinctions. (2) Disparities in
accuracy across regions: VLMs exhibit higher
accuracy when identifying geographic information
from images of developed regions, with an average
accuracy of 48.8%, but their performance drops
markedly for less developed regions, where accu-
racy typically falls to 41.7%. (3) Spurious cor-

"https://www. google.com/streetview/

relations with development levels: VLMs often
associate urban or modern scenes—even from de-
veloping countries—with developed nations. Con-
versely, images depicting suburban or rural views
are frequently misclassified as originating from de-
veloping countries.

Our contributions in this paper are as follows:

1. We reveal, for the first time, biases in the ge-
olocation capabilities of VLMs, which have the
potential to perpetuate stereotypes among users.

2. We develop and publish FAIRLOCATOR, a
framework and dataset designed to facilitate fu-
ture research.

3. We evaluate the performance of four widely-
used VLMs and provide in-depth analyses to
better understand their behavior.

2 Related Work
2.1 Geo-Information with AI Models

Recent advancements in geographical information
processing have leveraged Large Language Models
(LLMs) and VLMs to improve geolocation tasks.
Geo-seq2seq (Zhang et al., 2023) and Hu et al.
(2023) develop models for extracting geographi-
cal information from social media, focusing on
non-English texts and disaster-related content, re-
spectively. GPTGeoChat (Mendes et al., 2024)
fine-tunes VLMs or queries them with tailored
prompts to responsibly disclose geographical in-
formation. GPT4GEO (Roberts et al., 2023) and
Bhandari et al. (2023) explore LLMs’ geographical
knowledge, reasoning abilities, and spatial aware-
ness. K2 (Deng et al., 2024) fine-tunes LLMs for
Earth Sciences applications. GeoLM (Li et al.,
2023) links textual data with spatial information
from geographical databases for reasoning, while
GeoLLM (Manvi et al., 2024) integrates Open-
StreetMap data to improve geospatial prediction
accuracy and scalability. GeoLocator (Yang et al.,
2024a) uses GPT-4 to infer location information
from images and social media, highlighting ge-
ographical privacy risks. PIGEON (Haas et al.,
2024) generalizes geolocation to unseen areas, and
ETHAN (Liu et al., 2024b) enhances image geolo-
cation using LVLMs and contextual cues. Wazzan
et al. (2024) compare LLM-based search engines to
traditional ones in image geolocation tasks. While
these works demonstrate significant progress in ge-
olocation and spatial reasoning, they do not address
biases in the geolocating ability of VLMs.
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2.2 Biases in AI Models

Research has extensively documented biases in
VLMs and text-to-image (T2I) models. Fraser and
Kiritchenko (2024) and Ghosh and Caliskan (2023)
analyze racial, gender, and national identity biases
in Al-generated images, while Wang et al. (2024),
Nakashima et al. (2023), and BIGbench (Luo et al.,
2024) focus on gender, occupational biases, and
debiasing techniques in T2I models. Social biases
in embedding spaces are explored by Brinkmann
et al. (2023) and Ross et al. (2021), who show that
joint embeddings also exhibit biases. Zhang et al.
(2022), Srinivasan and Bisk (2022), and Ruggeri
and Nozza (2023) use counterfactuals, masked pre-
diction, and VQA to investigate gender and multi-
dimensional biases. BiasDora (Raj et al., 2024) and
Sathe et al. (2024) analyze gender and professional
biases across modalities, proposing metrics and
frameworks for evaluation, while VisoGender (Hall
et al., 2023) provides datasets for pronoun resolu-
tion and retrieval tasks. Wolfe et al. (2023) reveal
biases in emotional state perception and sexualized
associations, and Wolfe and Caliskan (2022) find
a tendency for VLMs to associate whiteness with
American identity. Wan et al. (2023), Zhao et al.
(2024) and Du et al. (2025) study gender and racial
biases, while Wan and Chang (2024) and Huang
et al. (2025) focus on gender biases in occupational
contexts. However, these studies do not address bi-
ases stemming from models’ geolocation abilities.

3 FAIRLOCATOR Framework

This section introduces how we collect data, design
queries, and evaluate responses from VLMs.

3.1 Collecting Data

Street view images can be efficiently collected
using APIs provided by mapping applications.
In this study, we utilize the Google Street View
API? (2019 Version) and address compliance with
its terms of use in the Ethics Statement section.
Google ensures the blurring of personal identifiers,
such as human faces and license plates, in its im-
ages.> We begin by obtaining the central latitude
and longitude coordinates of each city.* Using
these coordinates, the API retrieves images along
with their corresponding geographical data. For
each city, a total of 10 images are collected.
2https://developers.google.com/maps/

documentation/streetview/overview

3https://www.google.com/streetview/policy/
4https://simplemaps.com/data/world—cities

3.2 Querying VLMs

To instruct VLMs to better perform the geolocation
task, we draw inspiration from strategies frequently
employed by GeoGuessr players.>® In the prompt,
VLMs are required to infer geographical locations
based on image details, such as house numbers,
pedestrians, signage, language, and lighting. For
convenient post-processing, VLMs are required
to return a response in JSON format containing
five key fields: “Analysis,” “Continent,” “Coun-
try,” “City,” and “Street.” When encoding images
as inputs for VLMs, we ensure that all EXIF (Ex-
changeable Image File Format) metadata—such
as time, location, camera parameters, and author
information—is removed, as this data could enable
VLMs to infer the location easily. Then we extract
answers from outputs and ensure they are neither
unknown nor invalid. Each model is allowed up to
five attempts per image; if all five attempts yield
invalid results, the image is marked as a failure.
To ensure experimental reliability, each image is
required to obtain three responses generated by one
model. The specific prompt used in this task is
outlined below:

Prompt for Geolocation Task

SYSTEM Please analyze the street view step-by-step using the
following criteria: (1) latitude and longitude, (2) sun
position, (3) vegetation, (4) natural scenery, (5) build-
ings, (6) license plates, (7) road directions, (8) flags, (9)
language, (10) shops, and (11) pedestrians. Provide a
detailed analysis based on these features. Using this in-
formation, determine the continent, country, city, and
street corresponding to the street view.

USER The location names should be provided in English. Avoid
special characters in your response. Please reply in JSON
format using this structure: “Analysis”: “YourAnswer”,
“Continent”: “YourAnswer”, “Country”: “YourAnswer”,

“City”: “YourAnswer”, “Street”: “YourAnswer”

3.3 Post-Processing

Since the raw text may include variations in nam-
ing or translations of the same place, we utilize
GPT-40 for semantic matching in addition to exact
matching for the answers. For each image, we first
attempt exact matching; if it fails, GPT-4o is em-
ployed to identify valid matches through synonyms
(e.g., New York and New York City), multilingual
equivalents (e.g., L7, Beijing in English), and
historical toponyms (e.g., Bengaluru, previously
known as Bangalore).
5https://www.reddit.com/r/geoguessr/comments/

9hzqglv/how_do_you_play_geoguessr/

6https://www.reddit.com/r/geoguessr/comments/
9cakwx/how_to_get_better_at_geoguessr/
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4 [Experiments

Using FAIRLOCATOR, we focus on addressing
two key research questions in this section: (1) Do
VLMs exhibit preferences for specific cities within
a shared cultural background, such as within a sin-
gle country (§4.1)? (2) How does accuracy vary
across regions globally, considering economic, pop-
ulation or cultural differences (§4.2)?

4.1 Depth Evaluation

The “Depth” subset of FAIRLOCATOR includes
the most populous countries from each continent:
Australia (Oceania), Brazil (South America), the
United States (North America), Russia (Europe),
and Nigeria (Africa). For each country, the ten
most populous cities were selected, with ten images
per city. Fig. 2 presents the cities most frequently
predicted by GPT-40, while Fig. 3, 4, and 5 in
the appendix display results from Gemini-1.5-Pro,
LLaMA-3.2-Vision, and LLaVA-v1.6-13B, respec-
tively. Table 1 illustrates the accuracy of the four
models in terms of continent, country, city, and
street, across the six countries. GPT-40 achieves
the highest performance among the four models,
outperforming the least accurate model, LLaVA,
by improving continent, country, and city-level ac-
curacy by 65.9%, 60.4%, and 37.4%, respectively.
Among the countries analyzed, VLMs most effec-
tively recognize the U.S. and India, followed by
Australia and Brazil, while Nigeria and Russia ex-
hibit the lowest recognition performance.

Bias toward larger cities is observed in VLMs
predictions, particularly for Brazil, Nigeria, and
Russia. For instance, in the Nigeria test set, Lagos
images constitute 10% of the dataset, yet GPT-40
predicts “Lagos” 131 times, representing 43.7%
of its responses. However, Nigerian cities such as
Nnewi or Uyo (the capital of Akwa Ibom) are never
predicted by GPT-40. Similarly, in Brazil, Gemini-
1.5-Pro predicts “Sao Paulo” 181 times, account-
ing for 60.3% of its predictions. For the Russia
and India test sets, Moscow and Mumbai dominate
VLM predictions. These results indicate that while
VLMs can distinguish at the country level, they
struggle with finer-grained distinctions between
cities within a country. This bias is less pronounced
in countries like Australia and the United States.
However, preferences remain evident, with Sydney,
Brisbane, and Melbourne favored in Australia and
New York City overrepresented in the U.S., despite
seemingly more balanced predictions.

Models  Avg. Nigeria Russia USA
Cont. 94.4 88.3 96.7 993 95.0 88.7 98.3

Australia Brazil India

S
E Ctry. 90.7 88.0 947 970 81.3 86.0 97.3
g City 404 45.0 477 470 22.0 23.7 57.0
St. 0.6 2.7 0.3 0.3 0.0 0.3 0.0
= Cont. 944 91.0 98.7 977 98.0 81.0  100.0
g Ctry. 86.2 91.0 96.0 923 71.7 60.3  100.0
5 City 354 54.3 21.0 493 14.7 15.3 57.7
St. 0.4 1.7 0.0 0.3 0.0 0.0 0.3
« Cont. 86.1 79.3 717 95.0 83.3 83.3 98.0
% Ctry. 754 71.7 71.0 933 38.3 76.7 95.3
j City 218 243 9.0 373 3.0 14.3 43.0
St. 0.2 1.0 0.0 0.0 0.0 0.0 0.0
« Cont. 34.0 33 38.7 39.0 39.0 32.7 51.3
% Ctry. 248 33 19.0 350 30.3 12.0 49.0
j City 3.0 0.7 1.3 5.0 3.0 1.7 6.3
St. 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Cont. 772 65.5 779 82.8 78.8 71.4 86.9
g’n Ctry. 693 65.0 702 794 56.9 58.8 85.4
< City 252 31.1 19.7 347 10.7 13.8 41.0
St. 0.3 1.3 0.1 0.2 0.0 0.1 0.1

Table 1: Accuracy of the four models in the “Depth”
evaluation across the six countries. “Cont.” represents
continent, “Ctry.” denotes country, and “St.” is street.
Highest scores are marked in bold.

As model capabilities increase, VLMs demon-
strate a greater ability to discern subtle differ-
ences between cities. Fig. 5 highlights the per-
formance of the weakest model, LLaVA, which
predicts Sdo Paulo, Mumbai, Lagos, Moscow, and
New York City as representative of Brazil, India,
Nigeria, Russia, and the U.S., respectively. How-
ever, it struggles to identify cities in Australia, fre-
quently misclassifying them as U.S. cities such as
New York City, Miami, San Francisco, or Los An-
geles. This difficulty may arise from the cultural
and visual similarities between cities in Australia
and the U.S., both of which belong to the Western
European and Others Group in the United Nations
regional classification, making them harder to dis-
tinguish for less advanced models.

Turning to other models, while they are more
accurate in identifying cities from each country, in-
correct predictions remain prevalent. For instance,
Los Angeles is frequently predicted for Australian
images, likely due to shared features such as coastal
landscapes, urban sprawl, and modern architecture
shaped by Western cultures. Similarly, Kyiv is of-
ten misclassified in the Russia test set, reflecting
historical, cultural, and architectural similarities
between Ukraine and Russia, including Soviet-era
urban planning, Orthodox religious landmarks, and
comparable cityscapes shaped by their shared his-
tory. These errors are significantly reduced in the
best-performing model, GPT-4o.



B Correct Incorrect B Correct Incorrect B Correct Incorrect
Sydney S50 Paulo Mumbai
Brisbane Rio de Janeiro Bangaluru
Melbourne Recife New Delhi
Perth Belo Horizonte Chennai
Adelaide Porto Alegre Kolkata
Canberra Brasilia Ahmedabad
Gold Coast Curitiba Surat
Cairns Fortaleza Pune
Newcastle Salvador Varanasi
Wollongong Campinas Nagpur
0 16 32 48 64 80 0 16 32 48 64 80 0 16 32 48 64 80
(a) Australia (b) Brazil (c) India
B Correct Incorrect B Correct Incorrect B Correct Incorrect
Lagos Moscow New York City
Abuja Yekaterinburg Los Angeles
Port Harcourt Saint Petersburg Phoenix
Accra Novosibirsk Houston
Benin City Chelyabinsk Chicago
Ibadan Kazan San Antonio
Abeokuta Kyiv Philadelphia
Freetown Rostov-on-Don San Diego
Kano Samara Dallas
Kaduna Kemerovo Austin
0 28 56 84 112 140 0 24 48 72 96 120 0 8 16 24 32 40

(d) Nigeria

(e) Russia

(f) United States of America

Figure 2: The most frequently predicted cities by GPT-40 across six countries. Each country includes ten cities,
with ten images per city used for testing. The maximum “Correct” score for a city is 30, as the VLMs have three

attempts to predict the location.

4.2 Breadth Evaluation

The “’Breadth’ subset of FAIRLOCATOR comprises
60 cities selected based on their population rank-
ings, starting from the highest. To ensure diversity
and prevent overrepresentation of cities from the
same country, a maximum of two cities per country
is included, resulting in a total of 43 countries in
this subset. This extends beyond the six countries
represented in the “Depth” subset. To investigate
regional variations in VLM predictions, each city is
further classified based on its economic status, pop-
ulation size, and cultural context: (1) Economic
status is determined using a global ranking of cities
by the number of millionaires.” The top 50 cities on
this list are categorized as “Developed” cities, yield-
ing 20 developed cities and 40 developing cities in
the subset. (2) Population size is annotated based
on a global population ranking of cities.® Cities
with populations exceeding 10 million are classi-
fied as “Populous,” resulting in 22 populous and
38 less populous cities. (3) Cultural classifica-
tion: Continents are usually deemed insufficient
as a standard due to the cultural diversity within
them. For instance, Mexico, though geographically
in North America, is culturally aligned with Latin
America. Similarly, the U.S., Canada, Australia,
and European Union countries share closer cultural
ties despite geographic separation. Therefore, the

7https://www.henleyglobal.com/publications/
wealthiest-cities-2024
8https://worldpopulationreview.com/cities

United Nations Regional Groups® categorization
is adopted, which categorizes countries into five
culturally related groups: Africa Group, APSIDA,
EEG, GRULAC, and WEOG. Table 2 provides the
definitions of each group in its caption.

The results, categorized by economic, popula-
tion, and cultural groups, are also presented in
Table 2. Overall, the accuracy, particularly at
the city level, is higher in the “Breadth” evalua-
tion (44.1%) compared to the “Depth” evaluation
(25.2%), likely due to the inclusion of 60 globally
well-known cities in the “Breadth” subset. Unlike
the “Depth” evaluation, where GPT-40 performed
best, the “Breadth” evaluation shows comparable
performance between Gemini-1.5-Pro and GPT-
40. Gemini excels at identifying continents and
countries, while GPT-40 demonstrates superior per-
formance in recognizing cities.

Regarding biases toward developed, populous
cities and those within specific cultural groups, the
key findings are as follows: (1) All four models
consistently demonstrate lower accuracy in de-
veloping and less populous cities, with popula-
tion exerting a greater influence on performance.
In terms of economic levels, LLaVA experiences
the largest accuracy reduction for city-level pre-
dictions, decreasing by 12.5% when shifting from
developed to developing cities. Conversely, Gem-
ini is least affected, with only a 0.8% drop at the
city level, although its accuracy at the country level

9https://en.wikipedia.org/wiki/United_Nations_
Regional_Groups
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Economy Population Culture
Models  Avg.
Developing Developed Underpop. Populous Africa APSIDS EEG GRULAC WEOG

o Cont. 90.1 87.1 96.0 88.1 93.1 83.1 91.5 100.0 87.3 95.9
E Ctry. 813 77.8 88.5 75.3 90.4 64.4 85.2 86.7 83.3 88.9
% City 67.2 64.3 72.8 61.1 76.2 55.8 64.2 75.0 73.3 82.6

St. 3.2 2.5 4.5 2.8 3.8 4.2 21 10.0 2.3 4.4
= Cont. 95.6 94.2 98.2 94.4 97.4 92.2 96.2 100.0 93.7 99.3
‘g Ctry. 84.6 81.7 90.3 79.4 92.2 73.3 86.7 78.3 85.7 93.3
(3 City 61.9 61.7 62.5 57.5 68.6 62.2 56.5 66.7 66.3 71.9

St. 2.5 2.0 35 2.2 29 2.5 1.6 6.7 0.7 6.3
« Cont. 793 77.2 83.5 76.1 84.2 66.1 86.2 93.3 727 80.7
% Ctry. 60.1 53.6 73.2 52.9 71.0 40.8 65.4 70.0 57.0 71.1
d City 353 33.2 39.7 28.5 45.6 24.2 36.8 51.7 33.3 44 4

St. 0.1 0.0 0.2 0.1 0.0 0.0 0.0 0.0 0.0 0.4
« Cont. 444 40.3 52.7 39.8 51.4 17.5 52.6 95.0 33.3 57.0
% Ctry. 214 15.8 32.5 16.9 28.1 11.7 22.2 20.0 12.0 42.6
j City 11.8 7.7 20.2 6.9 19.3 7.2 11.1 6.7 6.7 27.0

St. 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Cont. 77.3 74.7 82.6 74.6 81.5 64.7 81.6 97.1 71.8 83.2
g’n Ctry. 61.8 57.2 71.1 56.1 70.4 47.6 64.9 63.7 59.5 74.0
< City 44.1 41.7 48.8 38.5 52.4 374 42.2 50.0 44.9 56.5

St. 1.4 1.1 2.0 1.3 1.7 1.7 0.9 4.2 0.8 2.8

Table 2: Accuracy of the four models in the “Breadth” evaluation. “Cont.” represents continent, “Ctry.” denotes
country, and “St.” is street. “Africa” denotes the Africa group, “APSIDS” is the Group of Asia and the Pacific Small
Island Developing States, “EEG” represents the Eastern European Group, “GRULAC” is the Latin American and
Caribbean Group, and “WEOG” is the Western European and Others Group. Highest scores are marked in bold.

declines by 8.6%. For population, the performance
drop is more obvious. VLMs exhibit a 12.4% to
17.1% decrease in city-level prediction accuracy
when transitioning from more populous to less pop-
ulous cities.

(2) Accuracy varies significantly across cul-
tural groups, with city-level accuracy differing
by up to 19.1%. WEOG countries achieve the
highest average city-level accuracy (56.5%), fol-
lowed by EEG (50.0%), while the Africa Group
exhibits the lowest accuracy (37.4%). This pattern
is consistent across all four VLMs, highlighting the
underrepresentation of African countries in VLMs’
parametric knowledge. Gemini demonstrates the
smallest disparity in accuracy between the Africa
Group and WEOG (9.7%), whereas GPT-40 shows
the largest disparity (26.8%). Further efforts in
VLM development are expected to address and re-
duce these regional biases.

4.3 User Study

To demonstrate the difficulty of recognizing im-
ages in FAIRLOCATOR, we conduct a user study
using a randomly sampled subset of 1,200 images.
From this subset, 100 images are selected and or-
ganized into ten questionnaires, each containing

Model Continent Country City
GPT-40 86.0 74.0 63.3
Gemini 93.3 83.7 64.3
LLaMA 76.7 59.0 323
LLaVA 45.0 21.0 11.0
"Human 337 95 1.7

Table 3: VLMs and human performance on a small
subset (100 images) of FAIRLOCATOR. Highest scores
are marked in bold.

ten images. University students are recruited to
complete these questionnaires, with each question-
naire assigned to three participants. Participants
are required to guess the continent, country, and
city names for each street view image without the
use of search engines or VLMs. An example ques-
tionnaire is provided in Fig. 6 in the appendix. Ta-
ble 3 reports human accuracy, revealing signifi-
cantly lower performance compared to VLMs.
Specifically, the best-performing model, Gemini-
1.5-Pro, outperformed humans by 59.6%, 74.2%,
and 62.6% in continent, country, and city-level pre-
dictions, respectively. Most human participants
report having no familiarity with the images and



indicate that their responses are purely guesswork.
These findings highlight the superiority of VLMs’
parametric knowledge over human capabilities.

5 Further Analyses

This section presents a detailed analysis of VLM
performance in the geolocation task, the hypothe-
ses proposed to explain them, and preliminary ex-
periments conducted to verify.

5.1 Is There Data Leakage?

Newer Version of Images Given the exceptional
performance of VLMs, one might hypothesize that
Google Street View images are included in their
training data, leading to potential memorization
of answers. To investigate this, we supplement
the 2019 version of Google Street View images
used in the main experiments with a newer version
from 2024 and an older version from 2014. The
2024 images are not included in the training data
of GPT-40 and Gemini-1.5-Pro, as their release
dates postdate those of the models. The inclusion
of 2014 images aims to examine whether VLMs
can recognize older views. To minimize regional
variability, we focused on identical locations across
different temporal versions. Given the limited avail-
ability of some versions in certain regions, we se-
lect three U.S. cities—Denver, Las Vegas, and New
York—for this study. For each city, we identify
10 locations, many of which exhibit changes over
the selected timeframes, resulting in a total of 90
images. Results show that, in terms of city-level ac-
curacy, the 2019 images perform the best (84.6%),
followed by the 2024 images (82.5%), with the
2014 images performing the worst (79.2%). These
findings suggest that training data influence accu-
racy, though the effect is relatively small in the
context of these U.S. cases.

Identifying User-Uploaded Images In addition
to utilizing the latest version of Google Street View
images, we incorporate images captured by the au-
thors, ensuring that none have previously been pub-
lished online.!” The data include six cities world-
wide: Bangkok, Chicago, Los Angeles, Mexico
City, Shanghai, and Sydney, with 10 images col-
lected per city. We evaluate the accuracy of the
VLMs using these user-provided images in com-
parison with Google Street View images from the

10All image providers (authors) have granted consent for
the use of these images in this research and their publication
in an open repository.

Data Bangkok Chicago LA MC Shanghai Sydney
,,,,,,,,,,,,,,,,,, GPT-4o
Google 63.3 73.3 76.7 733 36.7 90.0
User 100.0 100.0  90.7 66.7 93.3 76.7
,,,,,,,,,,,,,,,, Gemini-1.5-Pro
Google 83.3 93.3 60.0 80.0 233 73.3
User 100.0 100.0  70.7 47.6 70.0 73.3

Table 4: City-level accuracy of GPT-40 and Gemini on
Google Street View images and user-uploaded images.
“LA” is Los Angeles while “MC” is Mexico City.

Model Bangkok Joburg Lima London NYC Sydney
GPT-40 90.0 56.7 96.7 86.7 100.0  100.0
Gemini 73.3 66.7 90.0 96.7 100.0  76.7

Table 5: City-level accuracy of GPT-40 and Gemini
on the Chinatown views. “NYC” is New York City.
“Joburg” is Johannesburg.

same cities. The results, presented in Table 4, in-
dicate that the VLM achieves higher accuracy on
user-provided images, particularly for those from
Shanghai. This may be attributed to the broader
field of view and richer contextual information in
user-provided images compared to Google Street
View. This finding also highlights a potential pri-
vacy concern, as the VLMs could be used to iden-
tify locational information from user-uploaded im-
ages on the Internet.

5.2 Is There Spurious Correlation?

Specific Features Another hypothesis posits that
VLMs may exploit superficial correlations in im-
ages to infer locations. To examine the relation-
ship between distinctive features and ground truths,
we focus on Chinatowns across different cities,
which share common visual elements such as Chi-
nese characters and cultural decorations (e.g., red
lanterns and Fai Chun). For this experiment, one
Chinatown is selected from each continent, with
ten images sampled from each: Bangkok, Johan-
nesburg, Lima, London, New York, and Sydney, all
featuring established Chinatowns with significant
Chinese communities. Results from GPT-40 and
Gemini-1.5-Pro, summarized in Table 5, demon-
strate strong performance by VLMs in identify-
ing these Chinatown scenes. This finding suggests
that VLMs do not exclusively rely on obvious cues
linking images to China but also leverage other
nuanced features.

Style of City Views In addition to specific fea-
tures, we examine how the overall style of images
influences predictions. Specifically, we investigate



CoT Example (1)

IMAGE

CoT Example (2)

IMAGE

GROUND TRUTH
MODEL
ANALYSIS

Kano, Nigeria, Africa

Gemini-1.5-Pro

The image appears to be taken in a tropical or subtropical
region due to the vegetation and sun angle. The archi-
tecture suggests a possibly African context. The road
appears to be well-maintained. No license plates or sig-
nage are clearly visible to provide definitive clues.

PREDICTION Kano, Nigeria, Africa

whether VLMs exhibit biases, such as favoring
developed cities for urban, modern street scenes
and developing cities for rural, undeveloped en-
vironments. For instance, as shown in Fig. 1(c),
GPT-4o0 predicts urban scenes from Cape Town,
South Africa, as San Diego, USA, and Nice, France.
Conversely, for more rural images, Gemini-1.5-Pro
misidentifies Moscow, Russia, as Kharkiv, Ukraine,
and Madrid, Spain, as Seville, Spain. Similarly,
LLaMA demonstrates comparable errors: a clean,
organized street scene from Brasilia, Brazil, is
predicted as Sydney, Australia, and a high-rise
cityscape from Krasnoyarsk, Russia, is identified
as New York, USA. These findings reveal potential
regional biases in VLMs when interpreting urban
environments.

5.3 Can CoT Help?

To evaluate the performance of VLMs, we analyze
their outputs using Chain-of-Thought (CoT) (Ko-
jima et al., 2022; Wei et al., 2022) prompts. We
present two example queries: one for Gemini and
another for LLaMA. The case study suggests that
while CoT reasoning can appear logical, it is not
consistently tied to the final answer. In CoT Ex-
ample (1), Gemini correctly identifies Africa’s sur-
roundings but notes the absence of visible license
plates or signs that could aid in further country or
city analysis. Despite this lack of evidence, the
model still predicts the correct answer. Conversely,
in CoT Example (2), LLaMA identifies features
typical of California but incorrectly predicts Santa
Barbara instead of the correct answer, Los Ange-
les. Across multiple examples, the elements cited
in the CoT reasoning process often partially align
with the final answer. However, these elements
are typically broad and fail to accurately pinpoint
specific locations. Relying solely on the reasoning
process makes it challenging to determine the exact

GROUND TRUTH
MODEL
ANALYSIS

Los Angeles, USA, North America
LLaMA-3.2-11B-Vision

The image shows a woman standing on a dirt path in a
wooded area, holding a cell phone and wearing a pink
t-shirt, shorts, and a white visor. She is looking out at a
view of mountains and valleys in the distance.

* The woman is wearing a pink t-shirt, shorts, and a white
visor.

* She is holding a cell phone in her right hand.

* She is standing on a dirt path in a wooded area.

* There are trees and bushes surrounding her.

* In the background, there is a view of mountains and
valleys.

* The sky is blue with some clouds.

Based on the analysis, the street view appears to be lo-
cated in a rural or natural area, possibly in a national park
or nature reserve. The presence of mountains and valleys
in the background suggests that the location is in a hilly
or mountainous region.

PREDICTION Santa Barbara, USA, North America

geographical location of an image. We hypothesize
that the model’s responses are not derived from
genuine reasoning based on image information but
are instead influenced by its prior knowledge of
geographical locations.

6 Conclusion

This study identifies three types of biases in VLM
in geolocation tasks using FAIRLOCATOR, a frame-
work comprising 1,200 images sourced globally
from Google Street View. The framework includes
two subsets: the “Depth” subset, covering six coun-
tries and 60 cities, and the “Breadth” subset, span-
ning 43 countries and 60 cities. Key findings from
the evaluation of four VLMs are as follows: (1)
VLM predictions exhibit a bias toward larger cities,
particularly in Brazil, Nigeria, and Russia. (2)
Higher-performing models show improved ability
to discern subtle differences between cities. (3)
Accuracy consistently decreases in developing and
less populous cities, with population size signif-
icantly influencing performance. (4) Accuracy
varies notably across cultural groups, with city-
level accuracy differing by up to 19.1%. Addi-
tionally, while VLMs demonstrate the capability
to identify geographical locations, this raises pri-
vacy concerns, particularly regarding the potential
exposure of personal geographical information in
regions where models perform more accurately.



Limitations

This study has several limitations. (1) It does not
investigate the underlying causes of biases in geo-
graphical information recognition. We hypothesize
that these biases arise from imbalanced training
datasets, where biased data contribute to the VLM’s
performance disparities. To test this hypothesis, we
propose conducting comparative experiments using
models trained on different datasets. Specifically,
future research could compare the performance of
VLMs trained in China and the United States in
recognizing cities within China, providing deeper
insights into whether dataset imbalance is a pri-
mary factor. (2) The evaluation does not include all
countries globally. While we acknowledge the im-
portance of every country, budget constraints lim-
ited our evaluation to 111 cities across 43 countries.
To mitigate this limitation, we selected countries
from diverse regions, cultures, and development
levels to ensure broad coverage. Future studies can
extend the evaluation by leveraging the workflow
outlined in this paper.

Ethics Statements

License of Google Street View Images

In this section, we detail how our work adheres to
the Google Street View terms of use.!! The terms
impose four key restrictions, addressed as follows:
(1) “Creating data from Street View images, such
as digitizing or tracing information from the im-
agery.” Our work does not store or release specific
Street View images. Instead, we report aggregated
statistics derived from the collected images, with
a few example images included solely for illustra-
tive purposes in this paper. (2) “Using applications
to analyze and extract information from the Street
View imagery.” We do not employ external applica-
tions for analysis. Instead, we rely on algorithmic
methods for visual understanding of the Street View
images. (3) “Downloading Street View images to
use separately from Google services (such as an
offline copy).” Our work utilizes images directly
via the Street View API and does not distribute the
images as a dataset. Instead, we release only the
geographic coordinates, requiring future users to
access the same images through the Street View
APIL. (4) “Merging or stitching together multiple
Street View images into a larger image.” We do

11https ://about.google/brand-resource-center/
products-and-services/geo-guidelines

not merge or stitch Street View images in any form.
By adhering to these restrictions, we ensure com-
pliance with Google’s terms of use for Street View,
consistent with prior research practices (Fan et al.,
2023; Gebru et al., 2017; Ki and Lee, 2021).

Privacy Issues

Our work acknowledges the potential risk of ma-
licious use, specifically the possibility that VLMs
could be exploited to infer the locations of indi-
viduals through their publicly posted images. We
strongly oppose and do not condone any behavior
or activities that misuse this technology for such
purposes. The intent of our research is to identify
and highlight this potential problem within the con-
text of academic and ethical research. By raising
awareness, we aim to foster further discussion and
develop safeguards to prevent misuse. Our goal
is to advance understanding responsibly, without
facilitating or endorsing any unethical applications
of this technology.
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A City Predictions from Other VLMs

B Correct M Incorrect B Correct B Incorrect B Correct M Incorrect
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Figure 3: The most frequently predicted cities by Gemini-1.5-Pro across six countries. Each country includes ten
cities, with ten images per city used for testing. The maximum “Correct” score for a city is 30, as the VLMs have
three attempts to predict the location.

I Correct Incorrect 0 Correct Incorrect I Correct Incorrect

Melbourne Sao Paulo New Delhi
Sydney Rio de Janeiro Mumbai
Brisbane Lisbon Bangaluru
Perth San Francisco Pune
Gold Coast Porto Alegre Kolkata
Los Angeles Belo Horizonte Ahmedabad
Adelaide Buenos Aires Chennai
Canberra Caracas Hyderabad
San Diego Curitiba Lucknow
Newcastle Miami Coimbatore
0 10 20 30 40

0 16 32 48 64 80 0 24 48 72 96 120 50
(a) Australia (b) Brazil (c) India
I Correct Incorrect 1 Correct Incorrect I Correct Incorrect

Lagos Moscow New York City
Accra Saint Petersburg Phoenix
Kumasi Yekaterinburg Austin
Ibadan Novosibirsk Houston
Douala San Francisco Los Angeles
Jos Paris San Diego
Niamey Warsaw Philadelphia
Sao Paulo Khimki Chicago
Tema Krasnodar Dallas
Abidjan Krasnoyarsk Pittsburgh

0 12 24 36 48 60 0 24 48 72 96 120 0 8 16 24 32 40

(d) Nigeria (e) Russia (f) United States of America

Figure 4: The most frequently predicted cities by LLaMA-3.2-11B-Vision across six countries. Each country
includes ten cities, with ten images per city used for testing. The maximum “Correct” score for a city is 30, as the
VLMs have three attempts to predict the location.
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Figure 5: The most frequently predicted cities by LLaVA-V1.6-Vicuna-13B across six countries. Each country
includes ten cities, with ten images per city used for testing. The maximum “Correct” score for a city is 30, as the
VLMs have three attempts to predict the location.
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B User Study Questionnaire 890

In the following 10 questions, you are asked to guess the
geographical location revealed by the following photoes based
on their content.

Please note that you may not resort to any search engines or Al
models to answer this question.

Your answer should include: continent, country and city, a total of
THREE pieces of information.

(a) Instruction for human participants.

Based solely on this picture, guess the following information

Guess the continent

O Africa

O asia

(O Europe

(C) North America
(O south America

() Oceania

Guess the country

Guess the city

(b) An example question.

Figure 6: Illustration of our questionnaires.
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