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Abstract—Estimating the construction year of buildings is
critical for advancing sustainability, as older structures often
lack energy-efficient features. Sustainable urban planning relies
on accurate building age data to reduce energy consumption
and mitigate climate change. In this work, we introduce MapY-
ourCity, a novel multi-modal benchmark dataset comprising
top-view Very High Resolution (VHR) imagery, multi-spectral
Earth Observation (EOQ) data from the Copernicus Sentinel-2
constellation, and co-localized street-view images across various
European cities. Each building is labeled with its construction
epoch, and the task is formulated as a seven-class classification
problem covering periods from 1900 to the present. To advance
research in EO generalization and multi-modal learning, we
organized a community-driven data challenge in 2024, hosted
by ESA ®-lab, which ran for four months and attracted wide
participation.

This paper presents the Top-4 performing models from the
challenge and their evaluation results. We assess model general-
ization on cities excluded from training to prevent data leakage,
and evaluate performance under missing modality scenarios,
particularly when street-view data is unavailable. Results demon-
strate that building age estimation is both feasible and effective,
even in previously unseen cities and when relying solely on top-
view satellite imagery (i.e. with VHR and Sentinel-2 images).
The MapYourCity dataset thus provides a valuable resource for
developing scalable, real-world solutions in sustainable urban
analytics.

I. INTRODUCTION

Estimation of the age of buildings in cities is important for
sustainability, urban planning, and structural safety purposes.
Sustainable buildings minimize energy consumption and are
a key part of responsible and sustainable urban planning and
development that seeks to effectively combat climate change.
The urgency to assess the energy efficiency of buildings has
never been greater, as it plays a crucial role in achieving key
sustainability goals. Building age plays a significant role in
energy modelling and urban policy development. It can serve
as a useful proxy for estimating energy efficiency. However,
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globally consistent and homogeneous data on the construction
period of buildings is currently lacking. Earth Observation
(EO) and geospatial analytics offer promising solutions to
help build such a global database, enabling large-scale and
consistent mapping of building characteristics. Since no single
EO mission provides direct information on construction age,
Artificial Intelligence (AI) can be leveraged to fuse and inter-
pret heterogeneous datasets, allowing for indirect yet robust
estimation of building age. To help fill this gap, we organized
a data challenge in 2024, named Map YourCity, which includes
the preparation and release of a multi-modal dataset and
a competition designed to foster the use of the latest Al
architectures for building age estimation.

In this paper, we introduce a new benchmark dataset,
consisting of three modalities with street-view ground images,
top-view Very High Resolution (VHR) satellite images at 50
cm resolution, and Copernicus Sentinel-2 (S-2) multi-spectral
satellite data. All the modalities are co-localized with respect
to the specific building under study, as well as its label of the
construction epoch. The novel multi-modal benchmark dataset
is suitable for correlation learning between the different modal-
ities, as well as for data fusion. We present the Map YourCity
challenge organized around this dataset, evaluate the most
performing models, and demonstrate the effectiveness of fus-
ing these modalities for accurately predicting building age, a
key factor for sustainability, energy efficiency, urban planning
and development, and safety. The problem is formulated as a
classification task with seven classes for the construction epoch
of buildings, ranging from 1900 to nowadays. This paper
evaluates the generalization performance of the models on
cities that are not included in the training dataset, i.e. on new
and previously unseen cities. We examine the performance of
the models when both training and testing are performed with
all three modalities, but also when testing does not include
street-view images (top-view VHR and S-2 images only).

This paper is structured as follows. In Sec. we review
related work on combining street-view with EO imagery,
highlighting recent advances in multi-modal learning and
Transformer-based architectures. Next, Sec. introduces the
novel multi-modal dataset, which includes co-localized street-
view images, top-view VHR satellite imagery, and S-2 EO
data, along with the associated challenge task focused on
predicting the construction epoch of buildings across European
cities. In Secs. [[V[VII} we present the top four performing
models from the challenge, detailing their data preprocessing
strategies, architectural choices, and evaluation results. The
baseline model provided in the starter toolkit for all challenge
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Fig. 1: Example of collocated street-view picture (Top) and
top-view VHR image (Bottom).

participants is described in Sec. [VII] Sec. provides a
comparative discussion of these models, emphasizing the main
features and design decisions that contributed to their success.
Finally, Sec. [X] concludes the paper by summarizing the
key findings and outlining future directions for research in
sustainable urban analytics using multi-modal EO data.

II. RELATED WORK

The value of street-view imagery in urban analytics has
become increasingly evident in recent literature [1]], [2]). It pro-
vides rich visual context for analyzing the built environment,
vegetation, transportation networks, and urban infrastructure,
supporting studies in health, socio-economic development,
sustainability, and urban planning [I]], [3]]. Street-view data
also play a key role in assessing urban mobility, spatial data
infrastructures, and urban greenery [I]l, [3]], [4]. A notable
example is the Global Streetscapes dataset introduced in [4]),
which comprises over 10 million street-view images from
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Fig. 2: Example of collocated street-view picture (Top) and
top-view VHR image (Bottom). The varying size of the street-
view image corresponds to what is available and included in
the MapYourCity dataset.

688 cities around the Earth, from 212 countries and different
regions. These images, crowdsourced from Mapillary and
KartaView, are enriched with metadata including geo-location,
acquisition time, and semantic, perceptual, and contextual
information—making them a valuable resource for large-scale
urban analysis.

Recent AI models increasingly explore data fusion between
street-view and top-view satellite imagery. Due to the substan-
tial differences in resolution, scale, object characteristics, and
visual appearance between these modalities, late fusion (i.e.
combining latent feature representations after independent en-
coding) often yields better performance than early data fusion
approaches. Street-view images offer detailed ground-level
perspectives, while top-view satellite data cover broader ge-
ographic areas from a nadir viewpoint. Effectively integrating
these heterogeneous sources remains an open research chal-
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Fig. 3: Example top-view satellite VHR image and the corre-
sponding geo-localized S-2 image (here, RGB bands only for
visualization purposes).

lenge in multi-modal learning and remote sensing. The model
proposed in maps building functions such as commercial,
residential, public, and industrial, by jointly leveraging street-
view and top-view imagery through a decision-level data
fusion strategy. Separate models are trained for each modality,
and their predictions are then combined to enhance perfor-
mance and classification accuracy. The approach proposed
in effectively integrates complementary information from
both perspectives, enabling better and more precise functional
mapping of urban buildings.

Transformer models have demonstrated superior perfor-
mance over traditional architectures such as Convolutional
Neural Networks (CNNs), U-Net, and Residual Networks
(ResNet), particularly in tasks requiring global context mod-
eling. In []§|], the Transformer-based model TransGeo is in-
troduced for geo-location matching between street-view and
top-view aerial images. Leveraging the attention mechanism,
TransGeo performs attention-guided non-uniform cropping,
allowing the model to focus selectively on informative image
regions while ignoring irrelevant areas. This capability to
model long-range dependencies and adaptively attend to spa-
tial features makes Transformers especially effective for com-
plex multi-modal tasks in remote sensing and urban analytics.
Recent Transformer-based vision models have proven highly
effective, achieving strong performance across various tasks
(7). For instance, the model proposed in applies semantic
segmentation to unlabeled top-view aerial imagery using do-
main adaptation techniques, and is built upon the SegFormer
architecture [8]]. The results of the model presented in [[7] have
been used for cross-view geo-location matching of street-view
images and top-view aerial images in [9]]. Accurately aligning
these two modalities remains a challenging task due to their
distinct perspectives and different visual characteristics [10].
In addition, street-view images are also used in .
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Several datasets provide top-view satellite or aerial imagery
for semantic segmentation tasks. One notable example is
OpenEarthMap [[12]], a publicly available dataset designed for
high-resolution land cover mapping. It includes 5000 aerial
and satellite images across 8 land cover classes, covering 97
regions in 44 countries across 6 continents. OpenEarthMap has
been used in recent work such as [13]], which applies few-shot
continual learning for land cover classification.

III. MULTI-MODAL DATA AND CHALLENGE TASK
A. The MapYourCity dataset

In this work, the created dataset encompasses three modalities:
Street-view images from Mapillary, Top-view satellite VHR
Red-Green-Blue (RGB) images at 50 cm resolution, and Multi-
spectral 12-band S-2 data at 10 meters. These input modalities
have very different characteristics (i.e. number of spectral
bands, spatial resolution, and building perspectives from top-
and street-views). In the dataset, the three modalities are co-
localized with respect to the specific building under study.
In Figs. [I] and 2] we show two examples with co-localized
street-view and top-view satellite VHR modalities. In Fig. [3]
an example top-view VHR image and the corresponding S-2
image are shown, together with the building location in the
centre, as a blue dot in the image.

The MapYourCity dataset includes cross-view imagery from
19 cities across 6 European countries, categorized into 7
building construction epoch classes derived from the EU-
BUCCO database. The dataset contains images from different
countries and cities, identified by the country ID and city ID.
For model training, data from 15 cities (with approximately
20000 samples centered over specific buildings) were used,
while the remaining 4 cities (with approximately 5000 samples
centered over specific buildings) were held out exclusively
for testing, enabling evaluation of generalization performance
on previously unseen urban environments. These four cities
are located in distinct countries (i.e. see Fig. @), identified
by the following country ID codes: QCD, HUN, FMW, and
PNN. The building construction epochs in the MapYourCity
dataset are categorized into seven classes, labeled from O to 6,
based on the construction period with Class 0: ‘Before 1930°,
Class 1: ‘1930-1945°, Class 2: ‘1946-1960’, Class 3: ‘1961-
1976, Class 4: ‘1977-1992’, Class 5: ‘1993-2006’, and Class
6: ‘After 2006°. In Fig. @ we show the number of image
samples per country and building construction epoch class,
as well as per city.

The multi-modal MapYourCity dataset is released publicly
with an open-source licenc

B. The MapYourCity data challenge

The primary objective of the challenge was to develop models
capable of achieving high performance on previously unseen
cities, i.e. on cities excluded from the training set. To evaluate
generalization, the Private and Public Leaderboards include
data from the above mentioned 4 cities in a random split,
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Fig. 5: Evaluation results of best models submitted via the
open challenge, with public leaderboard (Top) and private final
leaderboard of the challenge (Bottom).

where these 4 cities held-out for the test set have approx-
imately 2100, 100, 1000, and 1500 samples, respectively.
The public leaderboard reflected performance on a subset
of the test data, while the private leaderboard used for fi-
nal rankings was based on the remaining, unseen portion.
The public leaderboard was continuously updated and visible
throughout the four-month open competition, while the final
private leaderboard was revealed only at the very end.

Additionally, half of the test samples excluded the street-
view modality, enabling the evaluation of model robustness
under missing modality conditions. We address scenarios
where the street-view modality is missing during inference, a
situation that frequently arises in practice. This consideration
is crucial for ensuring the applicability of our approach in real-
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world deployment settings. Satellite imagery scales efficiently,
enabling coverage of large geographic areas. In contrast, street-
view images are less scalable, as capturing every building in a
city manually is often impractical, time-consuming, and costly.

Through this challenge, we aim to advance research in
EO Out-of-Distribution (OoD) generalization and multi-modal
learning with incomplete data, two critical areas for real-world
deployment of Al models in EO and urban analytics. Hence,
we present evaluation results for the EO OoD generalization
performance [14] of the top-performing models from the
challenge under two distinct settings:

« Full modality setting: Both training and inference are
performed using all three modalities of the Map YourCity
dataset.

o Top-View only setting: Training is conducted using all
three modalities, but inference is performed using only
the top-view satellite modalities (VHR and S-2), exclud-
ing the street-view images.

The challenge was open to the entire community for four
months in 2024ﬂ A total of 123 teams registered for the
competition. Among them, 30 teams actively submitted so-
lutions and were ranked on the leaderboard. A total prize
pool of €5,000 was awarded to the top three entries of the
Map YourCity challengeﬂ To assess the performance of each
submitted model, we calculate the average of the diagonal
items of the confusion matrix, known as the Mean Percentage
Accuracy (MPA). We present the evaluation results of the
models from the MapYourCity challenge in Fig. [5] The full
leaderboards are also available publiclyﬂ

Overall, the highest score achieved in the Full modality
setting on the private leaderboard is 0.74, demonstrating that
estimating the construction epoch of buildings in unseen cities
is feasible using the proposed models. Performance in the Top-
View setting is notably lower compared to the Full modality.
When relying solely on top-view data during inference, model
accuracy drops by more than 10 points in the MPA score,
highlighting the importance of multi-modal inputs for robust

Zhttps://platform.aideo.eu/map-your-city

3Videos are in: http://www.youtube.com/watch?v=0VfINRBFIUY and
http://www.youtube.com/watch?v=z5jCkmP8Az8. In addition, the webinar
video recording is in: http://www.youtube.com/watch?v=P_fr4IlwC4iA|

4https://platform.ai4eo.eu/map-your-city/leaderboard
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Fig. 6: Multi-Modal and Folds Ensemble with Soft-Voting Approach: model proposed by Team Creamble.
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estimation. However, using only EO data, without street-
level imagery, still enables reasonably good performance,
underscoring the value of EO data as a scalable and globally
available resource. It is also worth noting that performance
on the private leaderboard is significantly lower than on the
public leaderboard, indicating a certain lack of generalization
capabilities, particularly in the Top-View only settinﬂ

In the following sections, we present and analyze the best
models submitted to the challenge. Specifically, we focus on
the Top-4 performing models, which achieved the highest ac-
curacy on the held-out test cities. To achieve top performance,
the models employ different deep learning techniques, for
example, class label correlation modelling, choosing the best-
performing model architectures, using a different encoder for
feature extraction for each modality or a shared encoder to
align and share features from different modalities, or training
different models for different countries. Moreover, the top
models perform ensemble techniques, weight the importance
of features, employ K-fold Cross Validation, perform late
fusion to combine the extracted features, combine different
feature fusion methods to learn feature importance, i.e. feature
concatenation and/or geometric data fusion, ensemble the
outputs of different trained models across different folds, or
employ a hide-out strategy for the street-view images to ensure
model robustness.

These models are examined in terms of their data prepro-
cessing strategies, architectural design, ensemble approach,
hyperparameter optimization, experiments and performance
results under different evaluation settings. In addition to the
top-performing submissions, we also present the baseline
model of the challenge. This model, based on recent Trans-
former architectures [§], [15]], was provided to all participants
as part of the starter toolkit to serve as a reference point for
model development and performance comparison.

5The methods and models are also presented in: http://urbis24.esa.int/wp
-content/uploads/2024/10/01_AI4EO_MapYourCity_URBIS.pdf. In addition,
the baseline model is also presented in: http://drive.google.com/file/d/1dcN
LswBIC-bS85H5mi3K4CFou9J6FF{Z/view Tusp=sharing.

IV. 15t RANKED SOLUTION: TEAM CREAMBLE

This section presents the top-ranked solution to the MapY-
ourCity Challenge. The proposed model is outlined in Fig.
6]

A. Data Preparation

The task of the MapYourCity challenge inherently involves
a strong correlation between class labels because of their
temporal proximity. For example, Class 6 (‘after 2006’) is
more closely related to Class 5 (‘1993-2006’) than to Class
0 (‘before 1930°). Therefore, recognizing and incorporating
these temporal relationships and correlations is essential for
the model to learn effectively and make accurate predictions
about the age of the buildings (see Fig. [J).

Our first approach is to assume that the label distribution
is probabilistic, rather than binary. Soft labels (rather than
hard labels) are used for the supervised learning classification
training of the model [16], [17]. We convert the labels into
soft labels by using a Gaussian probabilistic distribution, with
the learning guided by the KL-Divergence Loss, in Fig. [§]
This approach yields a slight improvement in performance.
However, manually tuning the variance parameter introduces
uncertainty and additional cost. To address this, we imple-
mented Label Smoothing , achieving our best results with
a smoothing factor of 0.3, identified through hyperparameter
optimization using Optuna.

As illustrated in Figs. [8]and[7} the Gaussian-based approach
to modeling label correlation is both intuitive and effective.
It captures the temporal proximity between classes, enhanc-
ing the model’s ability to generalize across adjacent time
periods. Incorporating the correlation between class labels,
based on their temporal distances, into the learning process
is crucial for achieving high performance. Our results and
numerical analysis demonstrate that the combination of label
smoothing and Gaussian-based label correlation significantly
enhances classification accuracy. Notably, this improvement is
not observed when either technique is applied in isolation,
highlighting the importance of their joint application, i.e.
significant improvement in performanc

To assess our label-correlation strategy, we evaluated three
approaches on the Top-View validation split: 1) standard cross-
entropy loss training (recall 0.69), 2) incorporating inter-
label correlations via a Gaussian prior (recall 0.71), and 3)
uniform label smoothing (recall 0.72). Relative to the baseline,

6Label correlation modelling: https://github.com/jeantirole/MultiModal_L
ab/blob/master/00.Fundamentals/26.Label_to_Distribution_v3.ipynb.
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Fig. 8: Label correlation modelling in the MapYourCity dataset, by Team Creamble.

recall, train recall
1l

Fig. 9: Street-view best model training logs for Team Cream-
ble.

Gaussian correlation modeling yielded a 2.01-point increase
in recall, while label smoothing delivered a 3.01-point gain.
These results demonstrate that embedding prior knowledge,
specifically label co-occurrence and spreading the probability
mass across all classes, boosts generalization and serves to
penalize overconfident outputs, and as we will also see in
Table [I] (i.e. see Sec. [[X), the label-correlation strategy is a
main crucial feature of the model.

To resize the various street-view images, we first analyze
the distribution of their original dimensions. Based on this
analysis, we select a 2:3 aspect ratio, which best represents
the overall distribution and minimizes information loss during
resizing. For top-view images, which naturally have a 1:1
aspect ratio, we follow the training size of the model during
resizing.

B. Models

We evaluate several high-performing models on ImageNet
for image classification tasks. Specifically, we focus on
Transformer-based architectures such as EVA [19]], [20]], BEiT
[21]], and MaxViT [22]. While these models demonstrate
strong overall performance, their effectiveness varies across
different image modalities (i.e. street-view, top-view VHR, and
S-2 imagery). This variation is likely influenced by differences
in the datasets and the pretraining strategies employed (e.g.,
supervised and/or self-supervised). Ultimately, we identify
EVA-02 [20]] as the most suitable model for this task, as it
delivers superior feature extraction performance on the multi-
modal MapYourCity dataset, considering both its parameter
size and the nature of the input images.

We apply a soft-voting ensemble approach to accommodate
the test dataset’s structure with the Full modality and the Top-

View only settings. Additionally, ensemble layers are trained
by freezing domain-specific models and focusing on ensem-
bling the logits, which we find that significantly improves the
model’s final decision-making process. The method, depicted
in Fig. [6] efficiently handles both cases and incorporates K-
fold cross validation. This avoids the need for additional
layers to combine multi-modal data, improving efficiency and
reducing overfitting on the public leaderboard.

C. Results and Discussion

We utilize K-fold Cross Validation and integrate it into the
ensemble algorithm. The competition’s MPA final evaluation
metric, which often closely resembles recall, is used as the
criterion to select the best model.

During optimization, we observe that the highest validation
recall values appear at two points during training (see Fig. [9):
i) early in epoch 4, and ii) late in epoch 7. The difference
between these two points is due to the gap between train-
ing and validation recall. For example, the validation scores
at epochs 4 and 7 were 0.7297 and 0.7290, respectively,
while the training recall values were 0.92 and 0.96. This
suggested potential overfitting in later epochs. However, this
pattern was inconsistent across folds. To mitigate this, we
employ CosineAnnealingWarmRestarts, allowing us to adjust
the learning rate regularly, preventing local minima and over-
fitting. AdamW was also used in the model training to improve
generalization performance.

Among the ensemble methods, the combination of the
results of regression and classification using Cross-Entropy is
also successful. The Euclidean distance from the MSE model
predictions is converted into a percentage and incorporated
into the Cross-Entropy Softmax values, boosting performance.
However, this ensemble structure is unfortunately not included
in the final submission. Nonetheless, there is potential for its
application in problems that can be interpreted and tackled
from both regression and classification perspectives, where
labels have some degree of correlation.

The Team Creamble model therefore builds upon EVA-02
[20], where we note that the number of parameters is ap-
proximately 300M. In addition, the FLOating Point operations
(FLOPs) are approximately 360G FLOPs, and the number
of ensembles used is 15, i.e. 5-fold times 3 variations for
street, high-resolution remote sensing, low-resolution remote
sensing. We also examined the correlation between the model
performance and the computational complexity of the models.
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Fig. 10: Overall diagram of the approach proposed by Team TelePIX Al.

Fig. 11: Ten sample top-view VHR images from each city in
the same country (separated by a blue line), where from the
top, we have: PNN, HUN, FMW, and QCD.

The performance among the top ViT models did not scale
linearly with model size or complexity. More specifically,
EVA-Large (approximately 300M parameters) achieved com-
parable or better results than larger models like EVA-Giant
(approximately 1B parameters), indicating diminishing returns
with increased complexity. We also note that models based on
ResNet CNN performed worse compared to large models built
on ViT. The Team Creamble model during training uses image
size 448 x 448, i.e. relatively large images, batch size 8, and
uses two NVIDIA A6000 GPU machines where the training
time was 6 hours.

The code for the solution is available openly[’}

V. 25 RANKED SOLUTION: TEAM TELEPIX Al

This section presents the second-top solution to the MapY-
ourCity Challengﬂ The overall architecture and workflow are
illustrated in Fig. [I0}

A. Data Preparation

In the proposed approach, data preparation aims to reduce the
complexity of the task of the challenge. The data are split
for training and validation using K-Fold cross-validation, with
each fold representing a city within the respective country.
For the countries in the test set —FMW, PNN, HUN, and
QCD— 6, 3, 3, and 3 folds are created, respectively, with
the number of folds varying based on the number of cities
in each country (FMW had the most). For each fold, 2-
3 cities are used for training, while 1 city is reserved for
validation. Several preprocessing techniques are applied to
the input images. These include normalization, performed by
subtracting the mean and dividing by the standard deviation,
for all three modalities. Additionally, histogram equalization
is applied to the to-view VHR images to enhance contrast, and
data augmentations such as random rotation and flipping are
also used to improve model generalization.

B. Models

VHR images from cities within the same country (i.e. Fig. @)
tend to appear similar, as it can be seen in Fig. [T1] while
images from different countries show significant variation. To
take advantage of this important characteristic, the model is
trained separately for each country using City-Fold cross-
validation for data splitting to minimize the complexity of
the patterns (i.e. discriminative features) that are needed to be
learned. The model, referred to as TBBE2F, processes each
input image through pre-trained encoders that are fine-tuned
during training.

The model processes three input images: street-view, top-
view VHR, and S-2. Each input is handled by its own
dedicated pre-trained encoder. Given the distinct domains of

8As the participants were affiliated with the same organization as Team
Creamble, the Team was not eligible for a cash prize in order to maintain
fairness in the competition.
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Fig. 12: Performance analysis for street-view and VHR en-
coders for model selection, by Team Telepix Al

these images, separate encoders are assigned to each modality.
During training, these encoders are fine-tuned to enhance
feature extraction. In addition, for classification, the cross-
entropy loss is employed.

The extracted features from each modality are represented
as vectors, with their dimensions depending on the encoder
architecture used. A variety of encoders are explored, includ-
ing SeResNext [23]], MobileNet [24], EfficientNet [25]], and
several ViT-based [26] encoders pre-trained variations, along
with EVAO2 [20] and reBEN [27]], which are combined across
the three inputs.

After feature extraction, the resulting vectors are passed
through a Fully-Connected (FC) layer, producing seven logits
(i.e. corresponding to the number of classes). Then, these
logits are concatenated and passed through another FC layer,
reducing the 21 logits back to seven. Hence, the team TelePIX
Al employs a prediction-level data fusion strategy, as opposed
to for example fusing data at the feature level. The final
predictions are processed through a SoftMax function to obtain
the class output probabilities.

In addition, a hide-out strategy is applied during training for
the street-view input. The latter is important and is specifically
designed to address the missing modality problem during
inference, where street-view images are unavailable. With a
probability of 0.5, the stret-view image is blacked out (i.e.
multiplied by 0), encouraging the model to avoid over-reliance
on this modality and maintain the performance when it is
absent. This approach also allows the model to focus on
learning important features from top-view modalities, while
using the street-view pictures as a guide.

The training process results in 15 models, each correspond-
ing to a fold from one of the four countries as described
in Sec. [V-A] Inference is conducted using these models on
the test datasets relevant to the country in which each model
was trained on. The outputs for each country are averaged, as
depicted in Fig. [I0]
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C. Results and Discussion

To identify the optimal solution, the first step involves select-
ing the most suitable encoder for each input modality. This is
achieved through a controlled evaluation process: the encoder
for the street-view input is varied while keeping the encoders
for the top-view fixed; then, the encoder for VHR images is
varied with the others held constant; and finally, the encoder
for S-2 is varied while maintaining the encoders for the others.
This systematic approach allows for isolating the impact of
each encoder on overall model performance. Once the best
combination of encoders is identified, Optuna is employed to
perform hyperparameter search. The optimal hyperparameters,
identified through the Optuna search, are as follows: a learning
rate of 1.32, a batch size of 8, warm-up steps of 300, and a
decay factor of 1.1. The optimal combination is then used for
the inference in the test dataset, and the results are ensembled,
as outlined in Fig. [I0] to generate the final submission.

The experimental results show that the encoder that per-
forms well for street-view images also performs well for
VHR images. A comparison of the performance of each
encoder type can be seen in Fig. The EVAO2 encoder
emerges as the best, with a significant margin over the other
architectures. Given that larger models usually tend to yield
better performance, we select the EVAO2-L variant for both
street-view and VHR modalities. For S-2 input, due to its
distinct number of channels (12 multi-spectral bands), the best-
performing encoder is reBEN, which is capable of leveraging
all available channels effectively.

The experiments also reveal that random hiding of street-
view images improve the overall MPA by 2-3%, ensembling
boosted it by 1-3%, and pre-processing with histogram equal-
ization contribute an additional 1-2% improvement. As we
will also see in Table [I] (i.e. see Sec. [X), the random hiding
of street-view images strategy is a main important feature of
the model. Ultimately, the proposed solution achieves MPA
73.89% on the private leaderboard for all modalities, and
MPA 57.97% for the Top-View only setting. These results
demonstrate the effectiveness of the proposed encoder selec-
tion, hyperparameter tuning, and ensemble strategy.

Key factors contributing to the model’s strong performance
include: i) robust encoders (e.g., EVA-02 and reBEN), ii)
random hiding of street-view images with a probability of 0.5,
encouraging the model to learn discriminative features from
VHR and S-2 imageries, iii) country-based data splitting to
ensure generalization across geographic regions, and iv) en-
semble techniques and comprehensive pre-processing, which
improves both training stability and final prediction robustness.

The code for the solution is available openlyﬂ

VI. 3¢ RANKED SOLUTION: TEAM XMB

This section presents the third-best solution to the MapY-
ourCity Challenge.
The proposed solution is outlined in Fig. [I3]

http://drive.google.com/drive/folders/1fuc4UYbhQBtHeN2rtHKMBh9B
xCRRFVAi?usp=sharing
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Fig. 13: Flowchart diagram of model using an additional shared feature encoder for the street- and top-view VHR images and

the distribution alignment loss, by Team xmb.

A. Data Preparation

As shown in Fig.[T4] the training dataset exhibits a slight class
imbalance, with label 0 appearing approximately twice as often
as the other labels. The MapYourCity multi-modal dataset
includes seven classes, each representing a range of building
construction years. The dataset exhibits class imbalance, a
common and realistic scenario in real-world applications. In
practice, it is typical to encounter uneven distributions across
categories, especially in historical data, as buildings are con-
structed across different years, time periods, and architectural
eras. To mitigate this class imbalance, we employ the Focal
Loss during training across all models [28]]-[30]]. The distribu-
tion of samples per category directly impacts model accuracy
and robustness. In particular, the imbalance in this multi-modal
dataset can lead to overfitting on the underrepresented classes.
By using the Focal Loss, we reduce this effect and improve
generalization, especially for the classes with limited data.

Both the training and test sets contain information from
six different countries. Since architectural styles can vary sig-
nificantly between countries, potentially offering clues about
the age of buildings (e.g., Fig. [IT), we convert the country
index into a one-hot encoded vector and use it as a categorical
feature. We note that we deliberately avoid applying this
approach to cities, as the test dataset may include held-out
cities that were not seen during training.

B. Models

We propose here two types of classification models.

For the Full modality setting, both training and inference are
carried out using all available modalities. The inputs are pro-
cessed through three encoders of the same feature extraction
model, and then combined by late fusion. Additionally, we also
employ two data fusion methods: Feature Concatenation, and 1)
Geometric Fusion (see Fig. @ In Feature Concatenation, the
average pooling features are combined with the country cate-
gorical feature and, then, passed into the final fully-connected
layer. Inspired by [31]], in Geometric Fusion, features before
average pooling are concatenated and processed through a
CNN to learn feature importance. Next, the resulting weights

Training Dataset Labels: Distribution
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o 1 a 5 6

3
Classes

Fig. 14: Distribution of the training dataset labels.

are then multiplied by the inputs and also concatenated again
to produce the final output features.

For the Top-View only setting, training utilizes all modal-
ities, while inference is based solely on the two top-view
inputs. Inspired by [32f], we adopt a Shared-Specific Feature
Modelling approach to address the missing modality issue (see
Fig. [T6). Each modality is assigned a specific encoder, with
street-view and VHR inputs that also share an encoder. Here,
the shared encoder aligns the features of the VHR and street-
view.

During inference, aligned VHR features are used in place of
street-view features. The distribution alignment loss function
term [33]] is also added to the objective function that is min-
imized during training. The street-view and VHR modalities
use the same encoder for both shared and specific encoders,
while the S-2 modality uses a different, shallower encoder.
We also apply input dropout, randomly replacing street-view
images with all-zero images (e.g., like the model described in

Sec. [V).

C. Results and Discussion

We implement our approaches using the PyTorch library, the
PyTorch Lightning framework, and timm [34]] library for the
feature encoders. The efficient and lightweight encoders from
timm were chosen for our experiments, with Efficientnetv2_s,
Mobilevitv2_150, and Efficientnetv2_b3 for the Full modality
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Fig. 16: Shared-Specific Feature Modelling for the Top-View only setting, developed by Team xmb.

setting, and Efficientnetv2_b1 (for street-view and VHR) and
Efficientnetv2_b0 (for S-2) for the Top-View only setting.

We train 4 models for the Full modality setting and use their
ensemble as the final model. Also, only 2 models are trained
for the Top-View only setting. For most of the models, we use
a batch size of 40. The models are trained using the AdamW
optimizer (i.e. learning rate: le — 4, weight decay: le — 3)
and a CosineAnnealingLLR scheduler (i.e. 1,5: be —5) for 30
epochs without early stopping, also applying the Focal Loss
with Label Smoothing (i.e. with a smoothing coefficient of
0.1) [28], [18].

The train dataset is split into 10 stratified folds, with each
model using one fold for validation and the remaining 9
for training. In addition, the street-view and VHR inputs are
resized to 512x512 and normalized to [0, 1]. Moreover, the
S2 inputs are clipped at a maximum value of 10,000 and
normalized to [0, 1]. Using the Albumentations library, we ap-
ply data augmentations such as CoarseDropout, GridDropout,
and Spatter to enhance the robustness of the street-view input
during training. We also apply test-time data augmentation for
both model types using Flip transformations.

Our model submission achieves a MPA score of 71.22 on
the private leaderboard when all modalities are used. When
limited to top-view modalities only, the MPA score drops
to 58.14. These results demonstrate the effectiveness of the
shared-specific feature modeling approach (i.e. Figs. [T3] and
[T6) in addressing the missing modality issue.

In the full modality setting, only the features at the end of
the encoders are fused by late fusion, leaving the intermediate-
layer features unconnected. Exploring middle fusion, where
features from intermediate layers are integrated, could be a
valuable direction for future work. Additionally, incorporating

an attention mechanism for data fusion may further enhance
performance by enabling more dynamic and context-aware
integration of modalities.

The code for the solution is available openlyﬂ

VII. 4" RANKED SOLUTION: TEAM THE Al BUZZARD

This section presents the fourth-best solution to the AI4EO
MapYourCity ESA Challenge. The flowchart diagram is shown

in Fig.

A. Data Preparation

We split the development set with 1000 samples from the
training dataset, following the distribution of country IDs in
the test dataset. We apply data augmentation. All VHR images
are resized to fit the expected resolution of the model. We
apply random horizontal and vertical flips with a probability
of p = 0.5, as well as color jitter, contrast, varying brightness,
and saturation. All street-view facade photos are randomly
cropped and resized during training, and also resized during
inference.

S-2 multi-spectral images are usually processed to fit stan-
dard computer vision models. Here, the original images (i.e.
64 x 64 pixels, 12 channels) from the MapYourCity multi-
modal dataset are rearranged to size 128 x 128 pixels and 3
channels (RGB): in addition, the top left corner contains the
NDVI, NDWI, and NDBI values; the top right the B04, B0O3,
and B02 bands; the bottom left the BO5, B06, and BO7 spectral
bands; and the bottom right the BS§A, B11, and B12 bands,
respectively.
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the model by team The Al Buzzard.

B. Model

We develop a flexible and robust multi-modal model. Each
input modality (street-view, VHR, and S-2) is processed by a
pretrained SwinV2 encoder [35]], [[15]] from the timm collection
[34]. These models are pretrained on the ImageNet dataset to
extract general image features. Here, at this point, we note
that as we will also see in Table [] (see Sec. [[X)), the use of
the recent SwinV2 Transformer model is a main significant
feature of the model.

The resulting embedding vectors are combined by late
fusion [36]. Each embedding is processed through a linear
layer that yields a learning attention weight. Then, as also
illustrated in Fig. the weighted sum of the embeddings is
calculated and passed to a final classification layer. Therefore,
if a modality is missing during inference, the fusion module
is robust, and the network still yields an output prediction.

The model can be used as a one-size-fits-all solution to
predict building age. We note that the results are improved
when we train two different models. For the Full modality
setting (country ID: QCD, HUN), we use a SwinV2 Trans-
former in base size for embedding the street-view images and
the VHR images. The Transformer has 87.9 million parameters
and expects inputs of 384 x 384 pixels. It can take advantage of
the high resolution of the street-view and VHR images. For the

Top-View only setting (country ID: PNN, FMW), we use small
SwinV2 Transformers (49.7 million parameters, 256 x 256
pixels) for embedding VHR and S-2.

C. Results and Discussion

We perform 5-fold stratified grouped cross validation. The
dataset is split such that the image samples with the same
city IDs are grouped together. In addition, the split is stratified
such that the class label distribution in each split is close to
the overall class label distribution.

We first train with all the available data. Then, we fine-
tune the model using samples only from the countries QCD,
FMW, and PNN, respectively. For predicting on HUN samples,
we use the model fine-tuned on QCD samples. We use the
cross-entropy loss function with class weights to counter class
imbalance. Early stopping is applied with a patience of six
epochs. Training was performed on a NVIDIA A100 GPU
with 40 GB memory, and we note that fine-tuning the SwinV2
Transformers and training the fusion module takes no more
than five epochs. We make predictions with the five pretrained
models and choose the majority class. If there is a tie, we
choose the building age that is more likely based on the
distribution in the training data.

We evaluate the model that is finally submitted to the de-
velopment set. Here, the MAP is 0.7147 on samples including
all modalities, and 0.6013 on samples including only the top-
view modalities. In Fig. we show the confusion matrix for
the samples that include all the modalities. The class labels
are ordered from 0 (oldest buildings) to 6 (newest buildings).
Here, we note that neighboring classes are often mistaken for
each other (see label correlation in Sec. [[V-A). The network
tends to overpredict the oldest building age category (i.e., the
class 0), likely because it is the most frequent class in the
training dataset (see Fig. [T4).

The code is available openly{ﬂ

VIII. BASELINE MODEL: AGE OF BUILDINGS FOR
SUSTAINABILITY (ABS)

This section introduces the baseline model of the Map YourCity
Challenge, hereafter referred to as the ABS model (Age of
Buildings for Sustainability). This model was included in the
starter toolkit and made available to all challenge participants
as a reference initial implementation. The proposed solution
is outlined in Fig.

http://github.com/crlnal6/aideo-map- your-city
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sults for the baseline model ABS. Public leaderboard (Top)
and Private leaderboard (Bottom).

A. Data Preparation

For the ABS model, we apply data augmentation as well as
random input dropout of street-view images. More specifically,
for data augmentation of street-view images, we employ
horizontal flipping, Gaussian blur, and random picture hiding,
i.e. insertion of all zeros. For data augmentation of top-view

VHR images, we use horizontal and vertical flipping, as well
as Gaussian blur. In addition, for data augmentation of S-2,
we employ Gaussian blur and random spectral band drop.

B. Model

The ABS model is based on Transformers, and more specif-
ically on the recently proposed model SegFormer [7], [8],
which uses multi-scale features. The baseline model employs
three encoder networks, one for each modality, and performs
late data fusion by concatenating the feature representations
in the latent space.

The ABS model is trained, validated, and evaluated on the
multi-modal MapYourCity dataset. For the street-view and
top-view VHR modalities, we employ SegFormer B5 as the
encoder architecture. For S-2 imagery, we utilize an EO Foun-
dation Model trained on unlabeled global S-2 data [37]], [38].
This model was pre-trained using a geo-location prediction
task and incorporates all spectral bands. Its architecture is
based on a geo-aware U-Net design. The ABS model integrates
these modality-specific models, each trained independently, to
form a unified framework for estimating building age.

C. Results and Discussion

Figure [20] presents the classification confusion matrices for
the ABS model, evaluated on the multi-modal Map YourCity
dataset. The top panel corresponds to the public leader-
board, while the bottom panel shows results from the private
leaderboard. These matrices reveal that the model frequently
confuses adjacent classes, a pattern discussed already in
Sec. [[V-A] The overall MPA scores are 61.57 for the public
leaderboard and 59.86 for the private leaderboard. The models
submitted via the MapYourCity challenge (shown in Fig. [5)
demonstrate improved performance over the baseline ABS
model, likely due to the use of model ensembling and/or hyper-
parameter optimization with Optuna. Additional enhancements
such as label correlation, soft labeling, geometric data fusion,
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TABLE I: Summary Table of the top-performing models. For the MPA metrics: the subscripts ; and ; refer to the MPA
calculated with the Full modality and Top-View only settings, respectively. The subscripts ,, and ; refer to the MPA
calculated in the public and private leaderboards, respectively. (MPA;_,) | (Loss of MPA removing street-view modality
MPA,_, —MPA,_,) | Loss of MPA in between the public/private leaderboards for Full modality MPA ;_; — MPA;_,,) |
(Loss of MPA in between the public/private leaderboards for the Top-View setting MPA;_; — MPA;_,).

MODEL

MAIN FEATURES

MPA (%)

FIRST RANKED TEAM,
CREAMBLE (IN SEC.m)

LABEL CORRELATION MODELLING (SEE FIG. AS WELL AS
FiG. m PRETRAINED BACKBONE EVA [19]], MODEL ENSEM-
BLE, HYPER-PARAMETER OPTIMIZATION OPTUNA, K-FOLD
CROSS VALIDATION, LABEL SMOOTHING WITH A SMOOTHING
FACTOR OF 0.3, ADAMW AND COSINEANNEALINGWARM-
RESTARTS.

76.0% | —9.7% | —2.7% | —5.8%

SECOND RANKED TEAM,
TELEPIX AI (IN SEC.E}

PRETRAINED BACKBONE EVA-02 [20], MODEL ENSEMBLE,
HYPER-PARAMETER OPTIMIZATION Optuna, K-FOLD CROSS
VALIDATION, INPUT DROPOUT OF STREET-VIEW IMAGES.

75.8% | —5.9% | —1.9% | —11.9%

THIRD RANKED TEAM, XMB

(IN SEC.|V_T[)

MODEL ENSEMBLE, K-FOLD CROSS VALIDATION, GEOMET-
RIC FUSION, SHARED FEATURE MODELLING, INPUT DROPOUT
OF STREET-VIEW IMAGES, DATA AUGMENTATION COARSE-
DROPOUT AND GRIDDROPOUT, FOCAL LOSS WITH LA-
BEL SMOOTHING (SMOOTHING COEFF.: 0.1), ADAMW AND
COSINEANNEALINGLR.

72.0% | —3.0% | —0.8% | —10.9%

FOURTH RANKED TEAM,
THE Al BUZZARD (IN SEC.

MODEL ENSEMBLE, PRETRAINED BACKBONE SWIN TRANS-
FORMER SWINV2 ENCODERS, K-FOLD CROSS VALIDATION,
LATE DATA FUSION WITH WEIGHTED SUM OF THE EMBED-
DINGS.

71.8% | —5.0% | —0.8% | —10.5%

BASELINE MODEL, ABS (IN

SEC.m)

PRETRAINED BACKBONE SEGFORMER B35, LATE DATA FU-
SION, INPUT DROPOUT OF STREET-VIEW IMAGES, DATA AUG-

61.6% | —9.6% | —1.7% | —13.6%

MENTATION SUCH AS GAUSSIAN BLUR.

shared-specific feature modelling, Swin Transformer, and other
key features further discussed in Table [I] and Sec. also
contribute to this improvement. These techniques collectively
result in an approximate gain of 10% in the MPA metric.

Additionally, since it does not employ model ensembling,
the baseline ABS model has lower computational requirements
compared to the models presented in Secs. For
instance, the ensemble described in Fig.[6|and Sec.[[V]involves
training 15 separate models. Similarly, the model presented in
Sec. [V] also relies on an ensemble of 15 models. This high-
lights the trade-off between performance and computational
efficiency in model design.

In this challenge, we evaluate the generalization capability
of models to cities not included in the training set (see Sec. [ITI]
and Fig. [3), ensuring strict separation between training and
testing data to prevent leakage [14]. Additionally, we assess
model performance under modality constraints, specifically
when the street-view data is unavailable. For cities included
in the training set, i.e., In-Distribution (ID), the ABS model
achieves an MPA score of 64.61. When the S-2 modality
is excluded, performance drops to 60.11, highlighting that
despite its relatively low spatial resolution of 10 meters, S-2
still contributes meaningfully to the overall prediction. Fur-
thermore, when both top-view modalities (VHR and S-2) are
omitted, the MPA score decreases further to 58.72. Comparing
the ID MPA metric of 64.61 with the MapYourCity challenge
OoD MPA metric of 60.72, the performance drop due to
domain distribution shift appears reasonable, underscoring the
inherent challenge of generalizing to previously unseen cities.

We also release our code for ABS for reproducibilityEl

IX. OVERALL DISCUSSION ABOUT THE TOP-PERFORMING
MODELS

The main characteristics shared by the models discussed in the
preceding sections, where we note that the accuracy evaluation
performance final results of the models is presented in Fig. [5]
are as follows:

o the use of a high-performing pretrained backbone, such
as EVA [19] or EVA-02 [20] (or Swin Transformer, e.g.
SwinV2), to avoid training the model from scratch,

« model ensembling,

o hyperparameter optimization, for example using Optuna
[39]. Here, we note that for example, Optuna is also used
in the Earth Observation OoD detection model proposed
in [40].

« modeling of label correlations between adjacent classes
(per modality), based on the assumption that neighboring
classes are more similar than non-adjacent ones, and

« a missing modality distribution alignment loss, combined
with a shared feature encoder.

In addition to these core components, the models also in-
corporate several other key features, as summarized in Table[l]
such as K-fold cross-validation during training, geometric data
fusion following the methodology proposed in [41], and the
inclusion of a categorical country feature, represented as a
one-hot encoded vector.

Several effective strategies were employed to enhance model
robustness and performance. Notably, applying input dropout
to street-view images during training proved valuable in
addressing the missing modality problem at inference time,
enhancing robustness when street-view inputs are unavailable.
Additionally, the use of model ensembling and hyperparameter
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optimization also contributed to performance gains (i.e. see
Table @

In addition, further important highlights are also using the
Focal Loss objective cost function to address the imbalance in
the different classes in the multi-modal age of buildings dataset
[28]] and performing data augmentation including, for example,
CoarseDropout and GridDropout. Moreover, eometrlc data
fusion (i.e. as described in Sec @ and Fl 5 and shared
feature modelling (in Sec. and Flg improve model
performance.

Furthermore, we also note that the methodology to first
train with all the available data and, then, fine-tune the model
using samples only from specific c ountries ( e.g., t eam The
Al Buzzard, described in Sec. resembles [42] and also
EO Foundation Model (pre-)training and fine-tuning. Here, we
also note that country-specific data for training were also used
by Team TelePIX Al

In Table @ we also present and summarize the performance
results of the different models. We observe for example that
the winner, i.e. the first ranked team, Creamble, achieves high
performance in the MPA evaluation metric. The model by
Team Creamble was presented and discussed in Sec. and
we also note that in the evaluation results, older classes in
general are overpredicted by the models most likely because
the number of data samples for the category ‘Before 1930’ is
larger than the number of data samples from the other classes
(i.e. see Fig. .

Regarding the robustness and sensitivity of the models to
hyperparameter choices, we observe that the performance of
the models is indeed sensitive to variations in these values.
For instance, the top-performing model described in Sec. B’]
leverages Optuna to optimize the smoothing factor used in
label smoothing.

Finally, regarding the computational resources that were
used to train the models in Table @ for most of the models, the
training was performed on a NVIDIA A100 GPU with 40 GB
memory. Here, we also note that the Team Creamble model
uses two NVIDIA A6000 GPUs (i.e. see Sec. .

X. CONCLUSION

In this work, we introduced MapYourCity, a novel multi-
modal benchmark dataset designed to support real-world
applications in EO generalization and urban analytics. By
combining top-view VHR imagery, multi-spectral S-2 data,
and co-localized street-view images, the dataset enables robust
correlation learning and data fusion across modalities. The task
is framed as a seven-class classification problem, targeting the
construction epoch of buildings from 1900 to the present.

Through the MapYourCity Challenge, we demonstrated that
estimating building age in previously unseen cities is both
feasible and effective. Notably, models trained on the dataset
can achieve good performance even when relying solely on
top-view EO data, without access to street-view imagery,
highlighting the scalability and global applicability of satellite-
based approaches.

We presented and analyzed the top-performing models
from the challenge, identifying key architectural and training
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strategies that contributed to their success, including label
correlation modeling, ensemble learning, hyperparameter op-
timization, and late feature fusion techniques.

As future work, we plan to expand the Map YourCity dataset
to include more cities globally and transition from discrete
classification to continuous regression for construction year
prediction. Additionally, we aim to incorporate explainability
tools [43]-[45] such as Grad-CAM, saliency maps, and at-
tention mechanisms to better understand model decisions and
feature importance.
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