This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Charting New Territories: Exploring the Geographic and Geospatial
Capabilities of Multimodal LLMs

Rehan Sheikh
University of Cambridge

rs2l126@cam.ac.uk

Timo Liiddecke
University of Gottingen

timo.lueddecke@uni—-goettingen.de

Jonathan Roberts
University of Cambridge
jdr53@cam.ac.uk

Samuel Albanie
University of Cambridge

samuel.albanie.academic@gmail.com

Kai Han
The University of Hong Kong
kaihanx@hku.hk
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(a) Task overview. (b) Example prompt and response. (c) GPT-4V prediction accuracy. (d) Overall results.
Figure 1. Evaluating the geographic and geospatial capabilities of MLLMs. (a) To probe MLLM knowledge we conduct a series of
visual experiments. Localisation—(a) We pass each image to the MLLM together with the given prompt. As highlighted by its response,

we find that GPT-4V is able to extract and reason over fine-grained details in such images. (c) GPT-4 attains promising accuracy on the

benchmark across tested countries, where (d) it outperforms other strong MLLM baselines.

Abstract

Multimodal large language models (MLLMs) have
shown remarkable capabilities across a broad range of
tasks but their knowledge and abilities in the geographic
and geospatial domains are yet to be explored, despite po-
tential wide-ranging benefits to navigation, environmental
research, and disaster response. We conduct a series of ex-
periments exploring various vision capabilities of MLLMs
within these domains, particularly focusing on the fron-
tier model GPT-4V, and benchmark its performance against
open-source counterparts. Our methodology involves chal-
lenging these models with a small-scale geographic bench-
mark consisting of a suite of visual tasks, testing their abil-
ities across a spectrum of complexity. The analysis uncov-
ers not only where such models excel, including instances
where they outperform humans, but also where they falter,
providing a balanced view of their capabilities in the geo-
graphic domain. To enable the comparison and evaluation
of future models, we publicly release our benchmark.'

IDataset available at https: //github . com/ jonathan—
robertsl/charting-new-territories.

1. Introduction

Driven by key methodological advances (chiefly the Trans-
former architecture [31]) and larger-scale datasets and com-
pute infrastructure, vision and language research are cur-
rently enjoying a golden age of advancement and progress.
The growing capabilities of large language models (LLMs)
[5, 25] have enabled impressive emergent abilities across
many different domains. Resultantly, LLMs are becom-
ing ever more prevalent in scientific literature, as well as in
wider society. A developing branch of LLM research seeks
to widen the spectrum of achievable tasks by incorporat-
ing additional modalities, in particular, the visual modality.
Notable multimodal large language models (MLLMs) in-
clude PalLM-E [9], Flamingo [3], LLaVA-1.5 [19], Instruct-
BLIP [7], IDEFICS [16], Qwen [4], Kosmos-2 [27], and re-
cently, GPT-4V [26]. These models have shown promising
potential demonstrating OCR-free mathematical reasoning
[9], diagram and document reasoning [39], and some ca-
pacity in medical image interpretation [17, 37]. While there
is a growing body of literature examining the geographic
and geospatial capabilities of pure language models [22, 23]
— including [30], which provides an investigation into the
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factual and application-centric geographic capabilities of
LLMs — there is yet to be such study of multimodal LLMs.

A comprehensive understanding of the geographic capa-
bilities of MLLM:s has the potential for a plethora of down-
stream societal and research applications. The ability to in-
terpret natural images and maps could aid navigation, rout-
ing and localisation, and help answer complex questions.
Similarly, understanding remote sensing data — ex-situ data
derived from air or spaceborne platforms — could empower
many research areas, particularly environmental research
and disaster response. Conducting an evaluation of the ge-
ographic capabilities of MLLMs is especially timely as the
current generation of state-of-the-art models — and princi-
pally, the recent release of frontier model GPT-4V [26] —
have surpassed a critical threshold where they have suffi-
cient capabilities to understand and at least attempt to per-
form most complex visual tasks.

However, due to the breadth of the abilities of large mod-
els, and the nature of emergent abilities [34], it is diffi-
cult to know a priori the tasks a specific model can per-
form. A corollary to this is the added complexity of model
stochasticity, which makes a comprehensive characterisa-
tion of ability more problematic. These difficulties are ex-
acerbated by the closed-source nature of some models and
the challenges associated with understanding the distribu-
tion of data within a pretraining set on the scale of billions
or trillions of tokens. These complexities necessitate explo-
ration by experimentation in a manner that more closely re-
sembles inductive rather than deductive reasoning: deriving
general hypotheses and heuristics regarding performance on
different tasks based on mostly qualitative observations.

To this end, we devise and carry out a set of visual ge-
ographic experiments that probe the key geographic and
geospatial knowledge and reasoning abilities of a suite of
MLLMs in both qualitative and quantitative settings, with
a focus on determining the extent of the abilities of the
frontier model, GPT-4V. To aid reproducibility and facili-
tate future model comparisons and benchmarking, we re-
lease a small-scale benchmark of our experiments. This
dataset partially contains newly generated samples which
were not crawled from the Internet. This strategy helps to
mitigate test set contamination, in which models encounter
evaluation instances during training. Finally, we distill our
findings into the following key takeaways to inform the re-
search community:

e Of all the evaluated models, GPT-4V can perform the
broadest range of tasks. However, it does not always per-
form best, e.g., satellite image detection and classification
tasks. In general, it recognises fine-detail well but tends
to fail when precise localisation is required.

* More broadly, the best model choice depends on the task
at hand. Qwen-VL and LLaVA-1.5 in particular often
demonstrate good localisation performance.

 Enforcing a specific output format is challenging, models
often resort to explanations why they are not capable of
performing the task. Among the evaluated models GPT-
4V was least susceptible to this behaviour.

* The current generation of leading MLLMs suffer a per-
formance penalty when processing multi-object images,
relative to their performance on single object images.

2. Related Work

Geographic Capabilities of LLMs. A comprehensive
study of the performance of various LLMs on different
geospatial intelligence tasks in given by [22]. Other works
investigate more specific tasks, such as the extraction of
geospatial knowledge [23] or as a mapping assistant [13].
GPT4GEO [30] includes a mixture of qualitative and quan-
titative evaluations of the geographic capabilities of GPT-
4 across various knowledge-based and reasoning experi-
ments. We take inspiration from [30], building upon it by
(1) expanding our experiments to include visual inputs; (2)
including comparisons to open-source models; and (3) re-
leasing a small-scale experimental benchmark.

Geographic Capabilities of MLLMs. There is yet to be
an extensive evaluation of MLLM capabilities in the geo-
graphic domain. However, various geographic or geospatial
examples can be found in more general evaluations. In [22],
the performance of OpenFlamingo-9B on a remote sensing
classification dataset is evaluated. A handful of satellite im-
age descriptions from GPT-4V and Bard are evaluated in
[24]. The broad survey conducted in [39] includes a small
number of samples of GPT-4V identifying landmarks, foods
and interpreting maps. Our work includes all of these tasks
to a greater depth as well as introducing many others, in-
cluding particular attention to the interpretation of remote
sensing data, a crucial data source for vision research.

Other Capabilities of MLLMs. Traditional evaluations
of MLLMs are carried out as defined benchmarks, such as
MME [10], SEED-Bench [ 18] and MMBench [20], totaling
1000s of questions and corresponding answers. However,
the recent release of GPT-4V has sparked a flurry of more
qualitative and open-ended evaluations that probe capability
beyond a simple question-answer setting. Examples of such
works for specific tasks include using GPT-4V for embod-
ied decision-making [6], for self-driving [35] and various
medical applications [17, 37]. More general studies, such
as [39] includes a broad collection of intriguing general vi-
sion examples and [38], which also includes interpretation
of infrared and depth imagery, as well as mel spectograms.
We build upon these preliminary analyses of [39] and con-
duct a detailed exploration focused on the capabilities of
GPT-4V in the geographic domain while adding quantita-
tive experiments and comparisons to other MLLMs.

555



3. Methodology
3.1. Experimental Design

In designing our experiments, we draw inspiration from
[30] and create a suite of both qualitative and quantitative
experiments. We categorise our experiments according to
the type of visual input and include geographic tasks cov-
ering natural (photographs), abstract (e.g., maps/flags), and
remotely sensed (satellite) images. We adopt this approach
of providing a broad capability overview instead of a sys-
tematic study, for two main reasons: (1) at the time of writ-
ing, the GPT-4V API is rate-limited to 100 requests/day,
too few for a large-scale study, (2) an automated evaluation
would require structured output, however, current models
cannot reliably be controlled for this when pushed close to
the limits of their abilities. As LLMs are trained on larger
web-crawled datasets, an increasing problem for evalua-
tion is data contamination [21], i.e. test data has been seen
during training. Although we leverage some established
datasets, most of our evaluation is conducted on visual in-
puts that are sufficiently curated to make their existence
in the model training distribution highly unlikely. Conse-
quently, we adopt a methodology that could deliver insights
despite these limitations.

3.2. Models

We focus our experimentation on the current most capable
model, GPT-4V [26], and query it through both the Chat-
GPT interface? and APL. As a comparison, we also eval-
uate the open-source LLaVA-v1.5-13b [19], IDEFICS-80b-
Instruct [16], Qwen-VL-Chat [4], InstructBLIP-Vicuna-13b
[7] and Kosmos-2 [27] models, accessed predominantly
through HuggingFace Transformers [36]. See Appendix for
specific model hyperparameters. Hereafter, references to
these models refer to the specific versions mentioned here.
For some experiments, only a subset of the open-source
models could perform the requested task; in these cases, we
only evaluate those that could.

3.3. Prompting

Given the wide range and unchartered nature of our experi-
ments, we treat prompting as a hyperparameter that we tune
for each model and experiment. We leverage prompt engi-
neering techniques (e.g., 0-shot CoT [15]) where relevant
and discuss their impact, however, a systematic comparison
of strategies is not appropriate for this setting.

Zhttps://chat.openai.com/
3https://openai.com/bloq/openaifapi

4. Experiments
4.1. Localisation

Accurately inferring the location an image is taken has ap-
plications ranging from forensic analysis to navigation in
GPS-denied environments. To probe this capability, we take
inspiration from the popular geography game, GeoGuessr*,
in which players are placed somewhere in the world in a
street view panorama and have to guess their location. We
construct a dataset of 100 images by randomly sampling a
single image for each sovereign state in the GeoLocation
dataset [14]. Using the prompt shown in Fig. 1, we query
each model to predict the country each image was taken in.
We find that GPT-4V in particular is able to extract small de-
tails from the images (such as species of foliage, road signs,
advertised products, and architecture) and reason over them
when making a prediction — see Fig. 1b. In this experiment,
we do not detect strong geographic biases from GPT-4V, al-
though countries in S. America were frequently mistaken
for other continents (Fig. 1c). Though inferior to GPT-
4V, Qwen-VL and InstructBLIP performed well (Fig. 1d);
on the other hand, a proclivity to overpredict the USA pre-
vented LLaVA-1.5 from scoring well.

4.2. Remote Sensing

The ability to interpret remotely sensed (RS) data enables
numerous positive applications including environmental re-
search and land-use planning. In the following section, we
outline a series of tasks involving RS data that test capabil-
ities ranging from holistic image classification and under-
standing to fine-grained detail extraction and localisation.

Classification. As current MLLMs are limited to pure
language output, we initially explore their ability to clas-
sify RS imagery with image-level labels. To broadly char-
acterise this ability in the RS domain we evaluate perfor-
mance on a subset of the SATIN metadataset [29], a chal-
lenging benchmark that includes different resolutions, fields
of view sizes, class categories, and imagery types. We take
a 12-image class-balanced sample from two randomly se-
lected datasets from each of the 6 tasks in the benchmark
(totaling 144 images). The zero-shot classification results
on this subset are shown in Tab. 1. There is some variation
in ranking across the different tasks, though overall LLaVA-
1.5 performs best. A mean accuracy of 0.56 for LLaVA-1.5
might seem low; however, this represents the challenge of
the benchmark — vision-language baselines e.g. CLIP [28]
score comparably on the overall SATIN benchmark [29]. A
necessary caveat to this comparison is that we only evalu-
ate a narrow subset of the benchmark. To partly address
this, we evaluate LLaVA-1.5 on 4 additional subsets of the
data (resampled with replacement) and report a low vari-

4https://www.qeoquessr.com/
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Zero-Shot Classification Accuracy per task
Model 1 2 3 4 5 6 Mean
GPT-4V  0.50 0.67 0.57 0.53 0.46 0.38 0.52
LLaVA-1.5 0.4240.2 0.71+0.1 0.50 0.48 0.71+0.1 0.54 0.56
Qwen-VL 0.25 0.63 0.40 0.37 0.50 0.38 0.42

Table 1. 0-shot satellite imagery classification on a subset of
SATIN [29]. For LLaVA-1.5 we report ;1 &= o across 5 subsets.

ance, giving us confidence that the subset used for evaluat-
ing the other models is representative.

Season Detection. A key usage of RS data is monitor-
ing and more specifically, detecting change. The ability to
identify fine-grained differences in an image time series and
conduct a nuanced analysis of the cause has many down-
stream uses. It is not clear the extent to which current
MLLMs can perform this task, though preliminary inves-
tigations, e.g., [38] suggest they struggle. We conduct a
small-scale experiment probing the degree to which GPT-
4V can determine the season of images in time series from
[33]. We select 6 four-season quadlets (same location) that
are clear with minimal atmospheric effects and evaluate
GPT-4V’s interpretation. This task is particularly challeng-
ing as the imagery contains only minor differences that are
difficult to attribute to a particular season, hence GPT-4V
scores ~38% accuracy. However, this relatively low accu-
racy is not due to an inability to detect changes, but rather
to their interpretation. Fig. 2 illustrates GPT-4V’s correct
analysis of one of the quadlets, demonstrating good detec-
tion of fine-grained details and reasoning. We conclude that
GPT-4V displays impressive, though fledgling capabilities
to interpret fine-grained details in time-series RS imagery.

Segmentation. Having demonstrated the ability to de-
scribe fine-grained details in images, we increase the task
complexity to segmentation: identifying and localising ob-
jects and classes. Despite not being able to provide visual
outputs, it is possible — with creative prompting — to create
segmentation maps from pure language. We introduce two
such prompting strategies: (1) Grid Segmentation: Seg-
ment the image into the following [classes]. Display the re-
sults as a [YxY] table with each cell labelled with one of
the class labels, and (2) SVG Segmentation: Segment the
image into the following [classes]. Provide the code for an
SVG that displays the segmentation map. We include exam-
ples of each prompting strategy in Fig. 3. Clearly, the seg-
mentation maps are not perfect and underperform vision-
language or supervised vision baselines; however, several
positive observations can be made. Generally, the relevant
classes are detected and included in the map. Additionally,
key features such as building groups, roads, and water bod-
ies are detected and localised in approximate positions. Fur-
thermore, annotation inaccuracies are demonstrated as the

Mean Distance Error (km)
North South
Projection Africa Asia Europe America Oceania America Mean
Mercator 3542 2486 1351 2809 1657 3460 2551
Miller 9398 3391 990 3334 2071 7434 4436
Mollweide 8441 2985 1289 2587 2798 2998 3516
PlateCarree 9339 2730 1874 3032 2058 3215 3708
Robinson 2796 2501 1040 3661 1984 3230 2535

Mean 6703 2819 1309 3084 2114 4067 3349

Table 2. Localisation: map — real-world. The mean distance
error is calculated over 10 points on each continent map crop.

ground truth is mostly labelled as background but perhaps
more appropriately given the forest label suggested by GPT-
4V. Considering a broader range of examples, we observe
grid segmentation to outperform SVG segmentation. We
find that there is not sufficient capacity in the other MLLMs
to perform segmentation.

Bounding Boxes. We also analyse the object detection
capabilities of the MLLMs in the form of bounding boxes.
We draw a number of qualitative observations from the ex-
ample bounding boxes in Fig. 4. As reported in [39], we
find that bounding boxes provided by GPT-4V are mostly
inaccurate. Qwen-VL produces tight, accurate boxes that
are more accurate than LLaVA-1.5. Kosmos-2 also pro-
duces accurate bounding boxes and demonstrates a differ-
ent — though arguably also correct — interpretation of ‘urban
area’. The bounding box from IDEFICS is especially poor.

Counting. Counting small objects in images probes the
resolution of the visual component of each MLLM. In Fig.
5, we include an aerial scene from [8] comprising 45 sea
lions of various sizes lounging on a wave-beaten rock of
similar colouration to the sea lions. This particular task is
difficult — GPT-4V’s prediction suggests it is close to the
limits of what it can perceive, while it is clearly beyond the
capabilities of the other models.

4.3. Mapping

Interpreting maps is a core geospatial skill required for route
planning, urban development, and disaster response. The
fundamental requirement for successful map reading is re-
lating areas and positions on maps to the real-world loca-
tions they represent. To evaluate this, we carry out exper-
iments that focus on identifying geographic entities from
maps, localising points on maps, and map annotation.

Region Identification. We collect a compact dataset of
three identification tasks: (A) state from outline shape, (B)
island or water body naming, and (C) city from map. Each
task comprises 16 samples generated by the authors, min-
imising the risk of test-set contamination. These experi-
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Prompt:

These 4 satellite images
are taken in different
seasons. For each image,
provide a prediction of the
season. Select a single
season per image, without
replacement, from the
following: Spring, Summer,
Autumn, Winter. Let's
think step by step.

The image shows a landscape with a lack of
greenery, and the fields are mostly brown
with no visible crops. This could indicate a
time either before planting or after harvest.
There is no snow, so it's likely not winter.
This image could represent either autumn,
after harvest time, or early spring, before
planting has begun. Prediction: Spring.

The image shows fields
that appear to be lush
and possibly in full
growth. This is indicative
of a time when crops are
at their peak, which is
typically in the summer.
Prediction: Summer.

The image shows fields with varying shades of
brown and some patches that could be
interpreted as either harvested fields or fields
lying fallow. There isn't a clear indication of snow
or full greenery. This image might suggest the
season is either autumn, with fields that have been
recently harvested, or late winter, where some
vegetation is still dormant. Prediction: Autumn.

The image has a darker
tone to it, and some of the
fields have a very slight
white hue which might
suggest frost or light
snow. This could imply
that the season is winter.
Prediction: Winter.

Figure 2. Satellite imagery season detection. We test GPT-4V’s ability to detect seasonal changes in a four-image time-series from [33].
In this example, the model is able to pick up minor details such as crop colouration and the presence of snow to correctly estimate seasons.

(a) Image (b) Ground Truth

Iﬂ’ I

(c) Grid Segmentation

Background
I Building
Road
EE Water
I Barren
N Forest
Agriculture
(d) SVG Segmentation (e) Bounding Boxes (f) Classes

Figure 3. Segmentation using GPT-4V. We include examples of Grid (c) and SVG (d) segmentation, and localisation (e) of satellite

imagery (a) from LoveDA [32]. Bounding boxes are for urban areas and

ments assess pattern and shape processing capabilities and,
visual world knowledge. We show the results in Fig. 6.

A. State name from outline. In the first experiment, the
models are tasked with inferring a state’s name from the
shape of its outline. To obtain data, we use GeoPandas [12]
to render state outlines. The results show a good perfor-
mance of GPT-4V and Qwen-VL while InstructBLIP and
LLaVA-1.5 perform worse.

B. City name from maps. Given a city map image, we
prompt the models to identify the corresponding city. To
generate the data, we use the OpenStreetMap-based Maput-
nik tool [1] and extract maps at zoom-level 12 at the city
locations provided by the GeoNames database [11]. Cities
are sample-balanced over the continents. We extract images
of size 1000 x 1000 pixels. The responses of GPT-4V sug-
gest it captures the patterns in the map data but lacks the vi-
sual knowledge to associate them with specific locations on
Earth. The other models tend to perform worse. LLaVA-1.5
(and GPT-4V to a smaller degree) often predict well-known
cities like New York or San Francisco indicating a bias to-
wards presumably frequently mentioned cities in the train-
ing data. These cities also count among the few samples
the models classified correctly, the models were consistent
in this. GPT-4V describes scenes well but appears to fail to

. Segmentation labels are given in (f).

retrieve the right name. This could be because information
encoded in city maps is rarely expressed in text and only
selected city maps were seen during training. InstructBLIP
often outputs nonsensical answers for the provided prompt,
highlighting a deficit in instruction following.

C. Island and water body naming from maps. In the last ex-
periment, islands and water bodies need to be identified. We
use the same method for obtaining data as in the previous
city map experiment (B) but select locations and zoom level
manually. Furthermore, we simplify the maps to only incor-
porate land cover and sea, since we found this to work better
in early experiments. The task is easier than understanding
city maps but still challenging as even the best model, GPT-
4V, correctly classified only 6 out of 16 samples.

Localisation: map — real-world. Next, we test the ac-
curacy of the models in predicting the real-world positions
(latitude and longitude) of query points on maps. To do so,
we create equal latitude and longitude extent map crops (us-
ing Cartopy [2]) of each continent and place ten coloured
points on each. We repeat this process to create equiva-
lent maps for 5 common map projections, and prompt GPT-
4V with: ‘Estimate the Latitude/Longitude positions of the
coloured points on the map’, to obtain a position estimate
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* all IDEFICS bounding
boxes had the same
coordinates. A minor
offset has been applied
for visualisation.

(d) LLaVA-1.5

(e) IDEFICS*

Figure 4. Bounding boxes for urban areas,

@A country shapes
% islands / water bodies
W city maps

GpPT-av %K
LLaVA-15
Qwen-VL-Chat 9
InstructBLIP

1.0

0.8

0.6 1

0.2 1

04
GPT-4V LLaVA Qwen- Instruct
-1.5

VL-Chat BLIP Madrid

(a) Results for the identification tasks.

and 'water bodies .

cPT-av v
LLaVA-1.5
Qwen-VL-Chat ¢
InstructBLIP /

New York City

Prompt:

How many sea
lions are in this
image?

Answer:
GPT-4V: 36
IDEFICS: 10
LLaVA-1.5: 2
Qwen-VL: 0
InstructBLIP: 10

Figure 5. Counting small objects proves challenging.

aPT-4v v
LLaVA-1.5
Qwen-VL-Chat ¢
InstructBLIP /

cPT-av v
LLaVA-1.5
Qwen-VL-Chat ¢
InstructBLIP

Galépagos Islands Vietnam

(b) Examples for each task with model success and failure shown (map data from OpenStreetMap).

Figure 6. Region identification. (a) Quantitative results. (b) Example images (note, high-resolution images were provided to the models.)

for each point. Using the haversine formula, we calculate
the error between the true (circles) and predicted (crosses)
positions of each point (Fig. 7); the mean position errors
for each map are shown in Tab. 2. Several insights can
be gleaned from these results, firstly that GPT-4V strug-
gles with the task, scoring an average error of nearly 1000
km on its most accurate configuration (Europe, Miller).
Frequently, GPT-4V confuses the continent the points are
placed on, such as predicting positions in the Americas for
points in Africa (Fig 7). A geographic bias is evident with
the lowest errors in Europe and significantly higher errors
in Africa. This is in agreement with other results, such
as the difficulties identifying African countries (see Failure
cases), and plotting Africa’s outline in [30], suggesting that
geographic information about Africa is less prevalent in the
training data. We also observe variation in error amongst
the different projections, with the Mercator and Robinson
proving the easiest for GPT-4V to interpret. This variation
could be caused by factors such as the interpretability of
specific projections (especially at extreme latitudes) or their
prevalence in the training distribution.

Localisation: real-world — map. The final component
of the cartographic experimentation tests the ability to lo-

calise in the inverse direction: annotating points on the map
given a real-world location. Concretely, given the names of
European capital cities, we prompt GPT-4V to provide their
positions on a bespoke coordinate system overlaid on a map
of Europe (created using Cartopy) — details of the inputs and
prompts are illustrated in Fig. 9. We analyse GPT-4Vs per-
formance on two different task settings: (1) Image in which
we pass the map and grid to GPT-4V and (2) No Image in
which we just pass a brief description of the map. When
shown the map, GPT-4V struggles to accurately locate the
capital cities on the grid, despite the grid cells being rela-
tively coarse, locating only 1 capital within the correct grid
cell. Conversely, when simply prompted with a descrip-
tion of the map — including the extent — GPT-4V is able to
locate every capital in the correct grid cell. It does so by
performing the following: (i) estimate the approximate lat-
itude/longitude of each capital using its knowledge, (ii) de-
termine a transformation from latitude/longitude to the grid
reference, and (iii) perform the conversion. This dichotomy
in performance highlights GPT-4V’s strong capabilities to
solve complex problems in a pure language setting while
struggling to perform precise and accurate image analysis.
Performance varies depending on the grid resolution.
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| @ True Position
X Predicted Position

Figure 7. Localisation:

map — real-world: predicted latitude and
longitude positions. [left] Europe (Miller), [right] Africa (PlateCarree).

| Which country is shaded in <colour>? |

I x
&

Africa accuracy
GPT-4V: 19/54

LLaVA-L5: 5/54
IDEFICS: 2/54

GPT-4V: GPT-4V:

The country shaded in blue is Madagascar. The country

The country shaded in orange is the Ivory Coast. || The country

The country shaded in green is Sierra Leone. The country

The country shaded in red is Algeria. The country

The country shaded in purple is Angola. The country shaded in purple is France.

Figure 8. Identifying multiple states proves difficult on a reg-
ular map and is a clear failure case when the map is flipped.
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Figure 9. Localisation: real-world — map. Using GPT-4V to annotate European capital cities on a map overlaid with a grid in two
settings: Image [left] where the map grid is passed to the model and No Image [right] where just a brief description of the map is passed.

4.4. Flags

Identifying multiple flags in images presents a unique chal-
lenge that balances the visual and knowledge-based aspects
of MLLMs. This is particularly relevant to understanding
the geographic biases inherent in these models and their ca-
pacity to handle different scales of visual data. Our experi-
ments employed flag images sourced from Sporcle quizzes’
that were divided by continent, cropped and presented to the
models in grids of varying dimensions, see Fig. 10a. The

Shttps://www.sporcle.com/

analysis of the comparative identification performance data
(Fig. 10b) reveals a discernible geographic bias in model
performance, with GPT4-V excelling in North and South
America. In contrast, its performance on African flags
shows a pronounced -61.0% accuracy differential compared
to human benchmarks. While this may suggest a potential
under-representation of African nations in the training data,
it is crucial to consider that other factors may contribute
to this outcome, such as grid size, image resolution, and
quality. GPT-4V’s proficiency is apparent in its consistent
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(a) Example flag identification input & GPT-4V response.
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(b) Model comparison on flag identification accuracy.

Figure 10. Flag identification. (a) Presents the input used in the full grid case, with country names beneath added after to indicate correct
and incorrect predictions. (b) Depicts prediction accuracy of different models, with human averages from Sporcle.

identification accuracy across the standardized 3x4 grids,
whereas other models falter, often giving non-sensical an-
swers to larger grid formats.

4.5. Failure Cases

Our analysis focuses on tasks where there is sufficient ca-
pability in the models to attain reasonable performance.
However, we encountered many, at times surprising, failure
cases. Settings in which GPT-4V struggled include routing
using maps, drawing and improving country outlines, anno-
tating missing labels on travel maps, estimating population
growth from satellite time series, and determining the eleva-
tion profile of mountains. Additional details and examples
of these cases are included in the Appendix.

Multiple States. Using Cartopy, we create a set of maps
of Africa with 5 countries randomly shaded in different
colours (Fig 8). This task represents a variation of the State
name from outline experiment, in which additional context
is given but there is the added complexity of identifying
multiple regions from a single image. We find this task
proves challenging: GPT-4V scores ~35% while LLaVA-
1.5 and IDEFICS correctly identify only 5 and 2 African
states, respectively. The models are completely unable to
correctly identify states when the map is rotated by 180°.

5. Conclusions

We evaluate a selection of state-of-the-art MLLMs on a
suite of experiments that explore various vision capabili-
ties in the geographic and geospatial domains. By creat-
ing a large proportion of our test data we reduce test con-
tamination, avoiding memorisation. We distill our analysis
into key takeaways to clearly inform the research commu-
nity of MLLM capabilities in this domain. We find that the
current generation of MLLMs possesses remarkable abil-
ities to interpret geographic visual data, though struggle
with a number of tasks, such as route planning with maps
and abstract navigation. Overall, we find GPT-4V to out-

perform the other models in most settings, and its strong
instruction-following ability enables it to attempt a much
broader range of tasks. We demonstrate that GPT-4V is able
to extract fine-grained details from imagery but is weak at
localising and struggles to draw accurate bounding boxes.
Of the open-source MLLMs we evaluate, LLaVA-1.5 and
Qwen-VL prove to be the most capable and are better suited
to some tasks, e.g. object localisation, than GPT-4V. We
also introduce two segmentation prompting strategies and
release our experimental data as a small-scale geographic
benchmark for future evaluation.

Limitations. Where possible we maximise the robustness
of our experimentation with repeats, consistent prompting
and model hyperparameters, normalising inputs and com-
parisons to ground truth data. However, this robustness is
inherently limited by the accessibility of models, specifi-
cally API access limits that prevent large-scale quantitative
experimentation. Future work could include quantitative
evaluation with multiple-choice style questions.

Broader Impacts. We demonstrate the capabilities of
MLLMs to detect fine-grained details in images and per-
form nuanced reasoning, with potential applications in en-
vironmental research and disaster response. We also high-
light numerous cases where the current models are severely
lacking, especially in map interpretation. Our analysis sug-
gests there are geographical biases in the data, with weaker
performance consistently shown for regions such as Africa
that are perhaps less represented in the training distribution.
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