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Abstract

When humans play geolocation games such as GeoGuessr,
they rely on concrete visual cues, such as road markings,
vegetation, or architectural details, to infer where an im-
age was captured. Whether image geolocation models rely
on similar object-level evidence remains difficult to deter-
mine, as attribution methods like Grad-CAM typically high-
light diffuse regions rather than coherent visual entities,
making it difficult to link model predictions to specific ob-
jects or perceptible patterns. In this work, we propose an
object-centric analysis pipeline to investigate the visual ev-
idence used by geolocation models. Starting from attribu-
tion maps, we extract salient regions and segment them into
object-like elements. We evaluate their predictive relevance
through deletion and insertion tests, comparing attribution-
guided crops to randomly selected regions with similar cov-
erage. Experiments on a three-country benchmark show
that attribution-guided crops consistently retain more in-
formation for the model’s prediction than random crops.
These results suggest that attribution maps can be decom-
posed into interpretable, perceptible elements, providing a
step toward object-level analysis of geolocation models.

1. Introduction

Image-based geolocation aims to predict where an image
was captured using only its visual content. Beyond practical
applications such as location verification or geographic in-
dexing, this task has gained public attention through games
such as Geoguessr 1 and WorldGuessr2. When humans
solve these tasks, they typically rely on recognizable objects
and structures, such as road signs, vegetation, vehicles, and
architectural elements.

1https://www.geoguessr.com
2https://www.worldguessr.com

Modern Convolutional Neural Networks (CNNs)
achieve strong performance by framing geolocation as a
large-scale classification problem [20]. However, under-
standing which visual evidence drives these predictions
remains difficult, limiting our ability to interpret, trust, and
analyze geolocation models at a meaningful, concept-level
granularity. Moreover, attribution maps such as those
obtained with GradCAM [14] often highlight broad or
overlapping regions that do not correspond to discrete,
perceptible objects, making it difficult to link model
decisions to interpretable visual patterns.

To address this, we propose an object-centric analysis
pipeline for geolocation interpretability. Attribution maps
produced from a trained classifier are first thresholded to
identify salient regions. These regions are then segmented
into object-like elements using a segmentation model, pro-
ducing discrete visual units that can be analyzed individ-
ually. Finally, we evaluate whether these extracted ele-
ments preserve predictive information through deletion and
insertion-based faithfulness tests (see Figure 1).

Our experiments on a three-country benchmark show
that attribution-guided object-like elements retain more pre-
dictive information than randomly selected regions of sim-
ilar coverage. These results suggest that attribution maps
contain localized evidence that can be meaningfully decom-
posed into perceptible visual regions, opening new oppor-
tunities for object-level interpretability and concept-based
explanations in image geolocation models.

2. Related Work

2.1. Geolocation Models

Automatic image geolocation aims to predict the location
where an image was taken, using either global descriptors or
deep learning features. Early methods such as IM2GPS [7]
relied on hand-crafted features and nearest-neighbor re-
trieval over large image databases. More recent approaches

https://www.geoguessr.com
https://www.worldguessr.com


Figure 1. Overview of the proposed object-centric pipeline: (a) Saliency maps are extracted from a trained classifier using GradCAM++.
(b) Images are segmented into candidate regions. (c) Each segment is scored based on overlap with attribution maps to identify relevant
object-like elements. (d) Faithfulness validation is performed with a insertion/deletion test to assess their predictive relevance.

employ deep convolutional neural networks to formulate
geolocation as a classification problem: PlaNet [20] divides
the world into discrete cells and predicts the most likely lo-
cation, while IM2GPS Revisited [18] and PIGEON [6] im-
prove accuracy using CNN features and hierarchical mod-
eling. These methods achieve impressive performance on
both world-scale and street-level datasets, but they gener-
ally focus on prediction accuracy rather than understanding
the visual cues that drive their decisions.

2.2. Explainable AI in vision

Attribution and visualization methods in XAI aim to re-
veal which parts of an image influence a model’s predic-
tion. Gradient-based methods such as GradCAM [14] and
Integrated Gradients [17] generate class-specific attention
maps from convolutional features, while perturbation-based
methods like LIME [13] and RISE [11] estimate impor-
tance by observing output changes under input modifica-
tions. Gradient-based approaches are particularly conve-
nient for our study as they provide smooth and spatially co-
herent maps that can be efficiently computed and combined
with segmentation to isolate object-like regions. Applying
XAI to geolocation models is relatively unexplored at the
object level. Shi et al. [15] visualize city-level CNN predic-
tions to highlight relevant regions, showing that urban struc-
tures and landmarks drive the model’s decisions. Our work
builds on this idea but focuses on object-level interpretabil-
ity, extracting object-like elements from attribution-guided
regions to study their relevance.

2.3. Concept-based XAI
Concept-based explanations provide a more structured view
of model reasoning by linking predictions to human-
interpretable concepts. Concept Bottleneck Models [9] train
networks to first predict predefined concepts before out-
putting a final label, ensuring interpretability by design. Au-
tomated Concept-based Explanation (ACE) [5] extracts vi-
sual concepts from images using segmentation and cluster-
ing, then evaluates their relevance to model predictions. In
contrast, our approach focuses on the geolocation context
and extracts object-like elements directly from attribution
maps, without relying on predefined concepts or modifying
the model. This enables a post-hoc, object-level analysis of
the visual cues driving geolocation predictions.

3. Methodology

We investigate whether visual regions highlighted by attri-
bution methods capture predictive information in geoloca-
tion models. Our approach consists of three main steps il-
lustrated in Figure 1: (1) Train a CNN classifier for geolo-
cation. (2) Extract attribution-guided regions from model
predictions. (3) Decompose these regions into object-like
elements and evaluate their predictive relevance.

3.1. Problem Setup
Let f be a Convolutional Neural Network (CNN) trained to
predict the country of origin among N possible countries.
Given an input image x representing a ground-level geolo-
cation image, the model outputs a logit vector f(x) in RN ,



which is then converted into a probability distribution via
softmax. Our goal is to identify the visual cues present in x
that contribute to the model’s predictions.

3.2. Obtaining visual explanations
To localize the most predictive image regions, we apply fea-
ture attribution methods to our model f . For a given input
image and predicted class, these methods produce an atten-
tion map highlighting pixels that strongly influence the out-
put. We threshold the map to retain the most salient pixels
by selecting the top-p percentile of pixels based on attri-
bution values, with p chosen empirically by evaluating the
resulting coverage and faithfulness on a validation set. This
strategy balances keeping highly informative pixels while
avoiding overly large or diffuse regions. We refer to the
obtained salient maps as attribution-guided regions.

3.3. Extracting object-like elements
Within each attribution-guided region, we extract discrete
visual elements using a segmentation model. We define an
object-like element as a perceptible visual unit, such as a car
or a street sign. These elements are not assigned semantic
labels, and their shapes depend on the segmentation output.
Each candidate segment is assigned a relevance score based
on three factors:
1. Overlap with high-saliency regions: the fraction of the

segment that overlaps pixels above a threshold in the at-
tribution map.

2. Average importance: the mean attribution value within
the segment.

3. Central importance: the attribution value at the seg-
ment’s geometric center.

These factors are then combined using the geometric mean.
Segments below threshold smin are discarded, and

the remaining segments are ranked by score. To avoid
redundancy, overlapping segments are filtered using a
containment-based IoU criterion, which ensures small de-
tails are preserved while near-duplicate segments are re-
moved. Finally, each segment is converted into a rectangu-
lar bounding box and slightly padded to preserve contextual
information. These rectangular zones constitute the final set
of object-like elements used for evaluation.

4. Our extraction method
Dataset: We use images from the dataset OSV-5M [1] con-
taining over 5 million street-level images from 225 dif-
ferent countries collected via the Mapillary API. For our
study, we select images from three countries: France, India,
and Japan, and retrieve the original high-resolution images
through the API. The data is split into 100k images (33,333
per country) for training and 600 images (200 per country)
for pipeline evaluation. All images are resized to 224× 224
pixels to match the input resolution of the classifier. Pixel

values are normalized using ImageNet statistics. During
training, standard data augmentation is applied, including
random horizontal flipping and color jitter, while evaluation
images are processed without augmentation.
Classification Model: We finetune a ResNet50 [8] pre-
trained on ImageNet [4] for country classification. The net-
work is trained with Cross-Entropy loss with label smooth-
ing of 0.1, using the AdamW optimizer. The learning rate
was set to 3e-4, with a weight decay of 0.02. The model was
trained for 300 epochs with early stopping based on valida-
tion loss (patience = 30). The model reached an accuracy of
88% on the training set and 87.42% on the test set, as well
as 86.3% on the 600 pipeline images.
Attention regions: To identify regions that influence the
model’s predictions, we apply several attribution methods:
Grad-CAM, Grad-CAM++, SmoothGrad, and Score-CAM.
GradCAM [14] produces class-specific localization maps
by weighting convolutional feature maps using gradients,
while GradCAM++ [3] refines this process by using pixel-
wise and higher-order gradient weighting, thereby improv-
ing multi-instance localization. SmoothGrad [16] reduces
noise by averaging gradients over multiple perturbed inputs,
and Score-CAM [19] generates class activation maps in a
gradient-free manner using forward-pass class scores.
Object extraction: Within attribution-guided regions, we
extract perceptible object-like elements using segmenta-
tion models. We experiment with three Segment Any-
thing Model (SAM) variants: lightweight MobileSAM [10],
SAM2 [12], and the recent SAM3 [2] which extends SAM2
with concept-guided prompting. For SAM3, the employed
concepts are extracted from a Geoguessr guidebook using
an LLM, resulting in roughly 200 candidate concepts asso-
ciated with geolocation.

5. Evaluation
The goal of this evaluation is to determine whether the
object-like elements extracted by our pipeline correspond
to visual regions that are genuinely important for the ge-
olocation model’s prediction. In particular, we investigate
whether these extracted regions retain predictive informa-
tion by performing two faithfulness tests commonly used in
explainable AI:
1. Deletion: Extracted crops are occluded in the image, and

we measure the drop in classification accuracy. A larger
drop indicates that these removed crops contained im-
portant information for the model’s prediction.

2. Insertion: Only the extracted crops are preserved while
the rest of the image is masked. The model predicts from
this reduced input, and the retained classification accu-
racy quantifies how much predictive information is con-
tained within the object-like elements.
For comparison, we generate random crops with similar

coverage and size constraints. The procedure is repeated



Figure 2. Comparison of attribution methods (GradCAM, Grad-
CAM++, SmoothGrad, Score-CAM) using MobileSAM as the
segmentation model.

ten times per image, and the results are averaged to re-
duce variance. This baseline allows us to determine whether
attribution-guided extraction identifies more informative re-
gions than random selection.

We further analyze how different attribution methods
(Figure 2) and segmentation strategies (Figure 3) influence
the effectiveness of the extracted regions.

Across all tested configurations, attribution-guided crops
consistently outperform random crops. In the deletion test,
occluding these regions causes a larger drop in accuracy,
indicating that they correspond to areas that are important
for the model’s predictions. In the insertion test, retaining
only these regions preserves significantly more predictive
information than random crops of similar coverage. These
results suggest that attribution maps contain structured pre-
dictive signals that can be decomposed into localized visual
elements without losing task-relevant information.

Interestingly, segmentation quality appears to influence
the results. As shown in Figure 3, SAM2 performs poorly
in the Deletion test, which may be explained by the rela-
tively small number of segments it generates. This results
in lower spatial coverage of the image, limiting the amount
of information removed when the crops are ablated. In con-
trast, SAM3 produces a significantly larger number of seg-
ments than the other methods and achieves stronger results
in both ablation settings. This suggests that higher segmen-

Figure 3. Comparison of segmentation methods (MobileSAM,
SAM2, SAM3) using GradCAM++ as the attribution method.

tation coverage enables the pipeline to capture a broader set
of visual cues contributing to the model’s predictions.

Qualitative inspection of the extracted object-like ele-
ments reveals a diverse set of visual patterns, including ve-
hicles, walls, street signs, and road markings (see Figure 4).
This diversity suggests that the pipeline captures a range of
perceptible cues that can contribute to geolocation predic-
tions. At the same time, some elements overlap or corre-
spond only to parts of larger structures, while others remain
amorphous, reflecting limitations of the segmentation step.

6. Conclusion

We present a post-hoc, object-centric framework for inter-
preting image geolocation models by transforming attribu-
tion maps into discrete, object-like elements that can be
evaluated directly. By combining existing attribution and
segmentation methods as well as deletion/insertion faith-
fulness tests, our approach bridges diffuse pixel-level ex-
planations and localized visual evidence without requiring
predefined concepts or modifications to the underlying clas-
sifier. On a three-country benchmark, attribution-guided
crops consistently outperform random regions with compa-
rable coverage, indicating that the extracted elements retain
meaningful predictive information and that predictions can
be traced to perceptible visual cues. Our results also sug-
gest that segmentation quality plays an important role in this



Figure 4. Attribution-guided object-like elements extracted from
geolocation images. The method identifies diverse visual cues,
including vehicles, road markings, and barriers, although some re-
gions correspond to partial or overlapping structures.

analysis, as broader and more appropriate region coverage
leads to stronger faithfulness outcomes.

At the same time, the extracted elements remain ap-
proximate and may be over-segmented, and our evalu-
ation is limited to a three-country setting without addi-
tional baselines. Future work includes extending to larger,
fine-grained benchmarks, explore alternative attribution and
region-selection strategies, and incorporate human evalua-
tion to assess whether the visual evidence identified by the
model aligns with human reasoning in geolocation tasks
such as GeoGuessr.
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