This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully ¢

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3737186

JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATION AND REMOTE SENSING 1

Geographic transferability of building function models

Nikolai Skuppin, Yilei Shi, Xiao Xiang Zhu

Abstract—We study the geographic transferability of U-Nets
trained for building type classification. The models assign func-
tional classes, such as residential or non-residential to individual
buildings. This extends the common building extraction task by
providing more in depth insight. Since training and testing data
is generally scarce, it is of fundamental importance to study
transferability of models between different areas. To address this,
we collected a dataset covering six countries across the globe.
We paired Planet Basemap images with OpenStreetMap (OSM)
labels and manually cleaned the dataset. We trained semantic
segmentation models on various data splits to predict residential
and non-residential buildings. The presented results suggest there
is no clear benefit from training or fine-tuning models locally,
compared to combining the available data and training a global
model. Furthermore, we find stacking footprints on top of the
input images improves both, the models’ F1 scores and across-
region transferability.

Index Terms—Geographic Transferability, Building Function,
OpenStreetMap, Semantic Segmentation

I. INTRODUCTION

NFORMATION about building functions is vital for urban

studies and planning. However, this information is not
readily available in many places. A comprehensive work
about European building stock found building type information
only available for approximately 46% of all buildings with a
significant variance between countries [1]. The information
was not available for some countries, whereas others had
almost full coverage. While Europe can be considered as a data
rich area this coverage gap can be expected to be even more
pronounced in other parts of the world. Furthermore, the inter-
country variability highlights the necessity of checking the
model transferability, where models trained in data rich areas
should be transferred to data scarce areas. Having increased
coverage of building functions allows for large-scale intra-
and inter-urban studies. Urban land-use can be mapped from
various sources, such as social media data [2]-[4], geospatial
data [5], [6], remote sensing images [7], or a combination
[8]-[12]. Ground-based Points of Interest (POI) can provide
very accurate and fine-grained information, however, they are
not readily available [5]. While building function can rarely be
observed directly, building form can be obtained from geospa-
tial or remote sensing data. Building function can be inferred
by mapping urban form and function [13], [14]. Geospatial
data availability and quality varies globally, whereas remote
sensing data is readily available. Therefore, this work studies
how available geospatial data from OpenStreetMap (OSM)
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can be used to train models for deriving building functions
from remote sensing imagery. Specifically, the geographic
transferability of the U-Nets is studied. Furthermore, we
investigate if adding building footprints to the input improves
the transferability.

In this work, we train U-Nets for semantic segmentation on
different data splits and report their performance across various
cities in six countries. We study how models trained only
in single countries compare to models trained on data from
all countries. Finally, we compare how providing building
footprints as a prior input affects the models’ transferability.

II. STATE OF THE ART
A. Building Footprints & Attributes

Large-scale building and settlement extraction have been
actively researched. The world settlement footprint and its
extension, for example, provide a global insight into the
presence of human settlements [15], [16]. Similarly, the Global
Human Settlement Layer (GHSL) provides information on
the presence of buildings and recently also a distinction into
residential and non-residential buildings [17]. However, the
resolution is too coarse for identifying individual smaller
buildings. Both Microsoft and Google released building foot-
print datasets, which were obtained from very high-resolution
satellite images [18], [19]. While they cover large parts of
the world, they mainly provide information on the presence
of buildings and no further attributes, such as type or height.
OpenStreetMap (OSM) [20] partially provides such informa-
tion but is not complete across the globe. Administrative
data released by governmental institutions can often provide
the most complete information. However, it is not globally
available and is often laborious to obtain. Furthermore, data
structuring and annotation differences can hamper the fusion of
different data sources. For the EUBUCCO dataset, the authors
tackled this challenge and homogenized multiple data sources,
including governmental and OpenStreetMap, into one common
representation [1]. They find only approximately half of the
buildings to have information on their type, with some regions
having full coverage and others not. The literature indicates
that there is already a good availability of data on where to find
buildings, however, variable availability of further attributes,
such as height or type.

There is extensive literature on covering this gap by mapping
urban land use from multiple data sources [2]-[12], [21]-[24]
and a complete discussion is beyond the scope of this paper.
Many works combine a multitude of data, such as Points of
Interest [5], [25], street view images [22], social media images
[26], or general social sensed data [2]-[4], [21]. Yet, many of
these studies focus on single cities and transferability of their
methods to other cities and regions remains open [3], [5], [8],
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[21]-[24]. This work tries to bridge this gap by using globally
available satellite images, building footprint data and labels
from OpenStreetMap.

B. OpenStreetMap

As described in the previous paragraph OpenStreetMap
can provide information on building function and its quality
and completeness of has been thoroughly investigated in the
literature [27], [28]. [27] performed a comprehensive analysis
of the global OSM quality. They studied internal and external
quality metrics. For example, the completeness of tagged
buildings and adherence to OSM rules can be analyzed using
just the data. The completeness of building polygons and the
correctness of tags need an external ground truth. They find
19.5% of the buildings to be tagged with their type, with
the completeness varying significantly between different areas.
They compare OSM building types with street-level images
for a small global subset of buildings and find an agreement
of 84.4%. [28] use OSM to train decision trees to predict
building functions in three areas in the US. Comparing OSM
labels to ground truth data from official sources, they find that
less than one percent of the buildings are mislabeled. [29]
conduct a rule-based classification of buildings in the United
States. They assign building functions based on a heuristic,
which uses tags, land-use information and class distribution.
Their approach results in a high recall for residential and a
high precision for non-residential buildings. OpenSentinelMap
[30] provides a dataset of Sentinel-2 images paired with OSM-
based labels from 15 different classes. The sampling was done
disregarding the quantity and quality of the OSM labels. They
find a geographic bias in the completeness of annotations with
higher coverage in Western Europe. The literature suggests that
quality of annotations in OSM tends to be of good quality,
which motivates using it for training and testing models.
However, it also finds differences in completeness, which
motivate training models in annotation rich areas and applying
them in data scarse areas.

C. Geographic Transferability

Recently, increased interest has been in studies targeting
this geographic transferability. The global coverage of satellite
imagery, paired with the often only local availability of labeled
data, makes transferability a vital field of study. One common
approach is to split the world into multiple regions and to
train separate models for each region [16], [31]. [31], for
example, worked on globally mapping human settlements from
Sentinel-2 data. They distinguish close-range and far-range
transfer learning. Given sufficient data they train a model on
a subset of an UTM zone. They then apply the model to the
complete UTM zone and transfer it to other similar zones
where no training data is available, where similarity can be
given spatially or by similar landscape. Another approach is to
combine the data from various regions into one data set and to
train one single model from that. [32], for example, conducted
a comprehensive analysis of urban land use classification from
Sentinel-2 data. They use data from 200 cities in 78 different
countries. They use a multi level classification scheme, first

identifying built-up areas and background, secondly splitting
built-up into residential and non-residential and then further
subdividing the residential areas into informal settlements.
For the residential/non-residential classification they reach an
overall accuracy of 79%. They find lower mean accuracy and
wider spread for finer classification schemes. Furthermore,
they find varying mean and spread for different geographic
regions. Lastly, they do not find a strong correlation between
city size, measured by population count and training data
size, represented by the count of locales per city. Several
other works study the across-region [9], [12], [28], across-
country [33] or across-continent transferability [34], [35] of
land-use and building function models. [35] study the across-
continent and across-season generalization of models trained
on subsets of SEN12MS [36]. They find models to transfer
poorly across continents and to show significant variability,
highlighting the necessity of in domain training data and
assessing the model’s performance in the application region.
[33] study model transferability of CNNs for urban land-
use classification among six European cities from different
countries. They find models trained on the respective test
city to perform best, compared to models trained on other
cities. Furthermore, models trained on data from all cities do
not reach top accuracy on single cities but reach competitive
performance on the collection of all cities. [34] study the
transferability of semantic segmentation models for informal
settlement detection. They either train and test on one city,
train on all but one city, or fine-tune on a given city. They
further study the effect of adding OSM street network as
an input feature. They find fine-tuned models often to be
performing the best. Adding the OSM street network generally
improves performance and reduces the gaps between non-local
and fine-tuned, or local models. [9] study the transferability
of random forest for urban land use classification among five
cities in the United States. They assemble a multitude of input
features, including Sentinel-1 and -2 band statistics, nighttime
light intensity and binned tweet counts from twitter to single
street blocks and predict the land use. They find poor model
transferability between the five tested cities. In contrast to that,
[28] study the transferability of decision trees for building
classification between three areas in the US. They derived
features from map data as input to their random forests.
While transferring models from training to testing areas results
in slight performance decrease the reduction is much less
pronounced than in [9]. They find their models to transfer well,
especially for the residential class. Furthermore, they suggest
a correlation between training dataset size and transferability,
i.e., a model trained on fewer data to transfer worse. The
presented literature suggests that transferability of a model
is influenced by a multitude of factors, such as input data,
classification model and scheme and definition of training and
testing domains.

D. Data Fusion

[37] studied unsupervised domain adaptation for built-up
area extraction from Sentinel-1 and Sentinel-2 data. They train
an optical, a Synthetic Aperture Radar (SAR) and a fusion
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Fig. 1. Distribution of training and test cities.

sub-network to predict the correct labels. Furthermore, for
unlabeled samples from the unsupervised domain adaptation
they add a consistency loss between the SAR and optical sub-
networks. They find data fusion to already improve model
generalization to unseen test areas. This is improved further
by the unsupervised domain adaptation where consistency be-
tween SAR and optical predictions is enforced. [34] study how
adding OSM road network as an additional input layer affects
the performance and transferability of an informal settlement
classification model. They find improved transferability from
adding auxiliary input. [12] combine remote sensing images
and socioeconomic data, such as Points of Interest (POIs) and
road network information to predict urban land-use classes
in the Netherlands. They find adding socioeconomic data
improves model transferability between different regions. The
presented literature indicates adding further data modalities
improves model performance and transferability. However,
they do not study the effect of availability of the auxiliary data.
This motivates for this study to use the building footprints as
additional input and probe if this improves transferability.

III. METHODOLOGY

The following subsections provide a detailed introduction
into the used dataset and the training and testing procedures.

A. Dataset

As presented in the previous section II-B OSM building
tags can be regarded to be of good quality, which motivates
for using them as training and testing data in the present
work. We collected data from six different countries on five
different continents, namely the United States of America,
Brazil, Germany, Russia, People’s Republic of China and
Australia. The countries have been selected for their size and
data availability. We selected two to six cities for testing for

Training

- China
:l Australia

© Testing

each country and a variable number of cities for training (to
reduce the imbalance of labeled pixels per country). The train
and test cities are a subset of the 1692 cities used for a
global study of the urban morphology [38]. Figure 1 shows the
locations of the training and test cities, with the latter marked
by bold circles.

The OSM building tags were aggregated to higher level classes
residential/non-residential. Buildings without any functional
label are treated as unlabeled. The aggregation scheme follows
the one described in [26] where the keys building, amenity
and shop are queried and mapped to a functional class. The
mapping from OSM tags to functional classes was manually
curated and Table III in the Appendix provides a full list
of the mapping used throughout this work. Figure 2 shows
exemplary data for four test cities with residential buildings in
green, non-residential buildings in red, and unlabeled buildings
in yellow. The differences in label completeness and city
morphology can be well observed. Munich, for example, has
many unlabeled buildings, whereas almost all buildings in Los
Angeles have an associated type. The OSM data was rasterized
to three meter resolution, paired with Planet Basemap data, and
cut into non-overlapping patches of 450x450 pixels. During
training, random crops of 320x320 pixels are cut from the
patches. During validation and testing, a center crop is used.
Slight global offsets between labels and data are corrected
by edge detection followed by template matching, providing
a correction offset. For this we used the algorithm used by
[39]. The data has been visually assessed and grouped into
four quality-level categories: complete footprints; incomplete
footprints; cloudy; inaccurate. The inaccurate class includes
annotations of whole street blocks or underground facilities.
The cloudy class includes areas partially or fully covered
by clouds. The cloudy and inaccurate patches are omitted
for training and evaluation. For the complete and incom-
plete patches, only the labeled buildings residential or non-
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Fig. 2. Exemplary OSM rasters for different test cities. The scale varies between the subfigures.

residential are considered for training and testing. The rest
is treated as unknown, mitigating the omission error due to
missing buildings. Figure 3 illustrates samples of different
quality. Figure 3(a) shows a completely annotated scene of
a residential area with only a few buildings missing function
annotation (yellow). Figure 3(b) shows another residential area
where some buildings in the center and the upper part are
not annotated. Figure 3(c) shows a cloudy scene with scarce
building footprint and building type annotation. Figure 3(d)
shows an inaccurately annotated non-residential area in the
upper left. Removing cloud-occluded or inaccurately annotated
areas from training and testing reduces noise. A model could
only guess what is below a cloud or underground, and predict-
ing a building function on inaccurately annotated grassland or
streets would be meaningless. Completeness in the context of
our data quality only refers to the completeness of the building
footprints. It does not refer to the completeness or correctness
of the building functions. As shown in Figure 2 and Figure 3
the completeness of function annotation varies between and
within cities. This is in agreement with the literature on OSM
quality [27], [28]. Figure 4 provides the statistical distribution
of the residential and non-residential class for the six countries
and the eighteen test cities. The numbers above the figure show
the sum of residential and non-residential pixels. It can be seen !

that there is a distinct variation between the class distribution (c) Cloudy (d) Inaccurate

and pixel count, with the USA providing the the most training
data and Brazil the least. For the test cities Los Angeles has - Non-Residential - Residential
B. Training Unlabeled

most labeled pixels, whereas Novosibirsk has the least.

We train an ImageNet pre-trained U-Net from the Segmen-
tation Models library (version 0.3.0) [40] with a ResNet-34  Fig. 3. Exemplary data patches of different quality. Overlay of Planet
backbone in PyTorch with Adam optimizer. We use the default Basemap image and OSM rasters. Patch (a) and (b) are from the USA and
. . (c) and (d) from Germany. Patch (b) has some unannotated buildings in the
values of the library with a depth of five and batchnorm. We | iqdle and on the upper part.
start with a learning rate of le-4 and reduce the learning
rate by ten if the validation loss does not improve for five
epochs. We use early stopping with a patience of twenty
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Fig. 4. Class distributions of the training and test datasets. The numbers above the figure show the total pixel count for residential and non-residential classes.

epochs and choose the model with the lowest validation loss.
The training is terminated if the learning rate becomes lower
than le-7 or if the early stopping patience is reached. For
each experiment we train five models, using a random five-
fold training/validation split. We only train on the labeled
(residential/non-residential) pixels and omit background and
unlabeled pixels. We use normalized class-frequency reweight-
ing to balance the two classes. Finally, we use Focal Loss for
training to automatically adjust for variable difficulty within
classes. For the ablation with PSPNet and DeepLabV3Plus in
B the same settings as detailed above are used.

Figure Sa illustrates the approach. A U-Net is fed with a
three channel satellite image and gives a dense prediction of
building function (residential: green, non-residential: red). The
prediction is masked with the labeled buildings and the loss is
calculated only for these. Background (black) and unlabeled
buildings (yellow) are ignored. This is the baseline for our
generalization experiments in section IV-Al.

Figure 5b illustrates the training process for our data fusion
experiment (section IV-A2). We stack building footprints as
an additional input layer on top of the remote sensing images.
We train the model to predict the building functions with an
empty building footprint mask, an augmented mask (dropped
buildings), and only the footprints. We aim to make the model
invariant to omission errors in the building footprints, i.e., to
correct for missing footprints. This is inspired by the work of

[37] who found SAR, optical data fusion to improve model
generalization between regions. It can be interpreted as a mul-
titask problem where the total loss is given by the losses of the
three sub-tasks (see Equation 1). To cope with possibility of
different task difficulties we applied dynamic weight averaging
as introduced by [41] and shown in Equation 2. We used
T = 2, which [41] found to be the optimum, and initialized
the weights to one.

Liot = Lrs + LrS+AugrT + LFT 1)
_exp(wg(t —1)/T) _ Le(t—1)
M) = et~ 0y = iy @

Finally, we evaluate the model without and with the foot-
prints. For comparison, we train one model only on the
footprints (one input band).

C. Metrics

For evaluation, we use the F1 score on the building classes
(after masking the unknown classes). Previous work [42] sug-
gested building detection and classification can be evaluated
separately, allowing the use of the OSM data of variable com-
pleteness, i.e., missing buildings would significantly impact
precision and recall of the detection task but can be omitted for
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(a) lllustration of the used architecture. The model gives a dense prediction but is only trained on the available labels

(black) and unlabeled buildings (yellow) are omitted.

N
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(b) lllustration of the used architecture. In addition to the baseline, building footprints are stacked on top of the remote-sensing images, and the
model is trained to give correct predictions without footprints, with augmented footprints, and with footprints only.

Fig. 5. Illustration of training approach. The model is given a stack of remote-sensing images and footprint masks. The model learns to predict with empty
footprints, augmented footprints (dropped), and footprints only (zeroed satellite image).

the classification evaluation. We report the mean and standard
deviation of the F1 score averaged over the five models. For
Figure 7 we report median, minimum and maximum F1 score
of the five models.

IV. EXPERIMENT & RESULT

The following section introduces the experiments and pro-
vides their results.

A. Experiments

1) Generalization: We conduct four experiments to com-
pare how well a model generalizes to its training region, a
model generalizes to an unseen region, pre-training affects
performance and how a general global model compares against
specialized local ones. This means:

1) Train models on local data; i.e., data from the same

country.

2) Train models non-local data; i.e., omit data from the

same country.

3) Fine-tune non-local models on local data.

4) Train models on global data; i.e., combined local data.

2) Footprint Fusion: In a further experiment, we stack
building footprints as an additional input layer on top of
the remote sensing images. As presented in section III-B,
we train the model to predict the building functions with an
empty building footprint mask, an augmented mask (dropped
buildings), and only the footprints. We aim to make the model
invariant to omission errors in the building footprints, i.e.,
to correct for missing footprints. We study if this improves
F1 score and model transferability. Therefore, we compare

a global model against non-local models when providing
empty building footprints or all available footprints. We further
compare these to a baseline model trained only on building
footprints.

B. Results

1) Generalization: Table 1 shows the results for our four
training strategies. The columns represent the different training
strategies, and the rows correspond to the different test cities.
The horizontal bars separate test cities from different countries.
For the first three columns, the horizontal bars mark different
models, i.e., we have different local, fine-tune, and non-
local models for each country. The last column refers to the
performance of the global models evaluated on all countries,
as shown by the low F1 scores of the non-local models in
comparison with the other models. We generally find models
to perform best in the country they were trained in and often
to not generalize well to other countries. Figure 6a shows
the relative change of F1 score from models trained in the
respective country compared to models trained in other coun-
tries. This change is negative for most combinations, i.e., the
local model performs best (blue shades in the figure). There
are some combinations where models trained on local data
from another country can achieve comparable performances
to models trained only on data from the test country (light
blue to white shades in the figure). For Sydney, the model
trained on Chinese or US data even outperforms the model
trained in Australia (red shades in the figure). For the non-
local training, we observe that models omitting a country’s
training data generally perform worse compared to models
including the data (see Figure 6b). However, the severity of
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Russia{ -0.05 -0.07 ; -0.09 -0.05; 0.00 0.00 0.00 0.00 ;-0.05 -0.04 ;-0.02 -0.10 -0.10 0.00 -0.15 -0.10; 0.00 -0.06
Germany{ -0.16 - -0.05 -0.09 0.00 0.00 | -0.02 H -0.15 -0.14 -0.12
Usa{ 0.00 0.06 : -0.07 -0.07 : -0.07 -0.09 -0.12 -0.12 ! -0.05 -0.07 : 0.00 0.00 0.00 0.00 0.00 0.00 :-0.02 -0.04
Brazil{ -0.09 0.02 | -0.08 -0.13 ; -0.13 -0.08 -0.15 -0.10 -0.09 ; -0.06 -0.12 -0.07 -0.01 -0.08 -0.17 ; 0.00 0.00
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(©) (Flfine—tune_column — F1fine—tune row)/F1fine—tune column Fine-tuned models compared to fine-tuned models
from test city’s country. Row indicates the fine-tuning country. The overall blue color indicates models perform worse when
fine-tuned on a different country.

Fig. 6. Relative change of F1 score of models trained on different training data. Blue indicates a reduction, and red indicates an increase.
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TABLE I
MEAN AND STANDARD DEVIATION OF BUILDING F1 SCORE OF LOCAL,
FINE-TUNED, NON-LOCAL AND GLOBAL MODELS AVERAGED OVER FIVE
REPEATED TRAININGS. MODELS TRAINED ONLY ON REMOTE SENSING

IMAGES.
RS Only

Local  Fine-Tune Non-Local Global
Brisbane 0.89+0.01 0.90+0.01 0.89+0.01 0.91+0.00
Sydney 0.74+0.01 0.75+0.02 0.79+0.01 0.80+0.00
Hangzhou 0.78+0.01 0.81+0.02 0.77+0.01 0.82+0.01
Beijing 0.80+0.01 0.83+0.01 0.79+0.00 0.83+0.00
Yekaterinburg ~ 0.78+0.04 0.78+0.03 0.69+0.03 0.81+0.02
Novosibirsk 0.84+0.01 0.84+0.01 0.68+0.04 0.84+0.00
Moscow 0.84+0.01 0.85+0.00 0.71+0.01 0.84+0.00
Saint Petersburg 0.83+0.00 0.83+0.00 0.68+0.01 0.83+0.01

Berlin 0.83+0.01 0.83+0.01 0.81£0.02 0.84+0.01
Munich 0.84+0.01 0.84+0.00 0.80+0.01 0.84+0.00
Boston 0.75£0.01 0.75+0.01 0.75£0.00 0.77+0.01
Dallas 0.93+0.00 0.93+0.01 0.80+0.06 0.94+0.00

0.874£0.01 0.87+0.01 0.83+0.02 0.86+0.01
0.77£0.02 0.76+0.02 0.75%0.03 0.78+0.02
0.66+0.03 0.68+0.02 0.58+0.01 0.64+0.02
0.93£0.01 0.94+0.01 0.80+0.05 0.91+0.01

0.74+0.02 0.80+0.01
0.80£0.01 0.85+0.01

Los Angeles
San Francisco
Seattle
Virginia Beach

Recife
Sao Paulo

0.79£0.02 0.78+0.01
0.79+0.01 0.84+0.01

this penalty varies between different cities and countries. We
observe a substantial effect for Russia but an almost negligible
impact for Australia. Furthermore, for many cases, the effect
stays nearly constant over different dataset combinations, i.e.,
it appears essential that data from the test country is in the
training data, but it is of lesser importance what other data
is included in the training data. There are some exceptions,
such as Yekaterinburg, San Francisco or Seattle, which show
more variability across different data splits. Only for Sydney
we observe the non-local model to be better than the local
one.

For the fine-tuned models we observe that they tend to be as
good or slightly better than the local models (see Table I). For
Hangzhou, Beijing, and Sao Paulo they are distinctly better.
For Sydney, the fine-tuned models have a lower F1 score
than the non-local models. Figure 6¢ shows the performance
penalty of fine-tuned models evaluated outside the country they
were tuned on. For many test cities outside the fine-tuning
country a reduced performance is observed. Comparing with
Figure 6a from the local training a less pronounced penalty is
observed.

Training on the combination of all countries, we observe
that the models are often on par or even slightly outperform
the local, or fine-tuned models (see Table I). For all Brazilian,
Chinese, German, and Brazilian test cities, the global models
achieve the best average performance. For Moscow, Los An-
geles, Seattle, and Virginia Beach, the local or fine-tuned
models outperform the global models. However,the differences
between local, fine-tune and global models are often well
within the standard deviation.

2) Footprint Fusion: Figure 7 and Table II show the results
from the experiment on footprint fusion. Figure 7a shows the
results from probing the model with empty footprints and
Figure 7b shows the results from probing with footprints. In

Figure 7a we omit the performance of the model purely trained
with footprints, since it behaves as a random guesser and the
F1 score is outside the depicted bounds (the model receives
no informative input signal and can only randomly predict the
building function). Table II only shows the results for global
models and reproduces the global models’ performance of the
remote sensing only experiments (see table I).

Figure 7 shows a distinct variance among different cities and
a clear gap between the non-local and the global models for
many cities. For almost all models, the median F1 score when
probing with footprints is higher than probing the models with
empty footprints. Only the global models evaluated on Recife
and Sdo Paulo perform worse when presented with footprints
compared to no footprints. Furthermore, the gap between non-
local and global models is reduced for most cities, and for
some, it appears to be closed. When probing with empty
footprints the models’ performances are approximately equal
to the models trained only on remote sensing images (see
Table II). The footprint-only model is often on par with the
global model. For Yekaterinburg, it is even outperforming the
global model, whereas, for San Francisco, Virginia Beach, and
Sa@o Paulo, it is performing worse than the global model.

Figure 8 and Figure 9 in B show the results from repeating
the experiments with a PSPNet and DeepLabV3Plus. The
results appear to be similar to the ones described above for
the U-Net.

TABLE II
MEAN AND STANDARD DEVIATION OF BUILDING F1 SCORE GLOBAL

MODELS AVERAGED OVER FIVE REPEATED TRAININGS. MODELS TRAINED

ONLY ON REMOTE SENSING IMAGES (RS), ON BOTH, REMOTE SENSING

IMAGES AND BUILDING FOOTPRINTS (RS + FOOTPRINT), OR ONLY ON
FOOTPRINTS (FOOTPRINT). THE MODELS TRAINED WITH BOTH (IMAGES
AND FOOTPRINTS) ARE EVALUATED WITH EMPTY FOOTPRINTS (MASKED

TO ZERO) OR ALL AVAILABLE FOOTPRINTS.

RS RS + Footprint Footprint

Empty FT FT

Brisbane 0.91+0.00 0.90+0.01 0.93+0.00 0.93+0.00
Sydney 0.80+0.00 0.79+0.01 0.83+0.01 0.81+0.01
Hangzhou 0.82+0.01 0.82+0.00 0.87+0.01 0.85+0.01
Beijing 0.83+£0.00 0.83+0.01 0.86+0.01 0.85+0.01
Yekaterinburg ~ 0.81+£0.02 0.83+0.01 0.89+£0.00 0.91+0.00
Novosibirsk 0.84+0.00 0.84+0.01 0.86+0.01 0.87+0.01
Moscow 0.84+0.00 0.85+0.00 0.88+0.00 0.87+0.00

Saint Petersburg 0.83+0.01 0.84+0.00 0.87+0.00 0.86+0.00

Berlin 0.84+0.01 0.84+0.01 0.87+0.01 0.87+0.01
Munich 0.84+0.00 0.84+0.00 0.89+0.00 0.88+0.00
Boston 0.77+0.01 0.77£0.01 0.80+0.01 0.79+0.00
Dallas 0.94+0.00 0.93+0.01 0.97+0.00 0.97+0.00

0.86+0.01 0.86+0.00 0.94+0.00 0.93+0.00
0.78+0.02 0.78+0.01 0.84+0.01 0.77+0.01
0.64+0.02 0.64+0.02 0.71+0.03 0.73+0.00

Los Angeles
San Francisco
Seattle

Virginia Beach  0.91£0.01 0.92+0.01 0.97+0.00 0.94+0.00
Recife 0.80+0.01 0.84+0.01 0.81+0.01 0.79+0.01
Sdo Paulo 0.85+0.01 0.84+0.01 0.81+0.00 0.77+0.00

V. DISCUSSION
A. Generalizability

The experiment results indicate a poor model generaliz-
ability between countries. When evaluated outside their train-
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(a) Models tested with empty (zero mask) building footprints. Non-Local models are trained omitting data from the test country. Global models are

trained with data from all countries.
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(b) Models tested with all available building footprints. Non-Local models are trained omitting data from the test country. Global models are trained
with data from all countries. Footprint models are trained with data from all countries, but only using building footprints as input.

Fig. 7. FI1 score of models evaluated on the different test cities. The cross marks the median value of five models and ticks the best and worst-performing

models. Dashed vertical lines mark different test countries.

ing areas, the local and fine-tuned models show a distinct
performance drop. This is generally confirmed by the non-
local models, which show a performance drop in the left-out
country. Only for a few combinations (e.g., USA and Sydney)
a positive correlation between different countries is observed.
The models trained on data from the USA outperform models
trained in Australia when evaluated on Sydney. This could be
due to similarities in housing patterns between the USA and
Australia but could also be an artifact of data availability. As
shown in Figure 4 the dataset contains more training data from
the USA than from Australia. We observe the most substantial
impact of non-local versus local training for the four Russian
cities, Dallas and Virginia Beach. The reason for this can be
manifold. One possible reason could be some distinct housing
patterns in the respective cities and countries. Another reason
could be biases in OSM annotations, where individuals or
groups label only buildings of a certain type or use the OSM
tags in a different way.

We choose to treat single countries as separate domains.
This is motivated by the fact that many countries have national
building regulations and styles. We acknowledge that there

is variability within countries, and there may be similarities
between countries. The variability is addressed by sampling
diverse training and test cities. Probing for positive correla-
tions between single countries and test cities was one of the
study’s objectives. We found only a weak correlation between
different countries, with the most distinct between the USA
and Sydney. However, secondary effects, such as dataset size,
may affect the results. While observing a poor generalizability,
we observe that the specialized (local and fine-tuned) models
often do not outperform the models trained on the combined
dataset. This indicates that instead of training multiple local
models on separate data, it may be as good to combine the
data and train only one single model. We put great effort into
sampling the dataset, yet, due to data limitations we miss an
African country in the dataset. Furthermore, we focus on large
countries and it is not clear how well the findings transfer to
smaller countries and countries not covered in the dataset.

B. Footprint Fusion

We studied the effect of providing building footprints as
an additional input layer on the prediction performance and
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model generalization. This is motivated by footprints being a
high-level abstraction of the built-up environment. A common
approach is to map building functions by first extracting
morphological features, such as size, shape, and distance
to other buildings or streets, and feeding these features to
classifiers, such as random forests [10], [28]. We hypothesize
that a deep neural network can implicitly learn several of these
features. Providing the known building footprints directly to
the model may allow it to focus more on these morphological
descriptors of the buildings. We found providing the building
footprints as inputs improves the F1 score in all cases except
for the two Brazilian test cities (see Table II). The reason
for this is unknown but may be related to poor footprint
quality, as these are also the only cities where the footprint-
only model performs worse than the pure remote sensing
model. Interestingly, [34] found a similar anomaly when
adding OSM street network as an additional input layer to
study informal settlement mapping. They found performance
improvements except for Rio de Janeiro and Sao Paulo, which
they attributed to ordered morphology of informal settlements,
significantly deviating from structures in other cities of their
dataset. Furthermore, the gap between non-local and global
models appears to be reduced for most cities when providing
footprints. For some cities, the models performances become
even indistinguishable. This suggests the provision of addi-
tional input data can help the models to transfer between
different areas, as was described by others [12], [34], [37]

The models trained and tested just on building footprints
achieve top performance for many cities. In Yekaterinburg they
perform better than the stacked models, whereas in Sydney,
Boston, San Francisco, Virginia Beach, and S@o Paulo they
perform slightly worse. This suggests that building footprints
alone provide a strong input feature to derive high-level
functional classes, which are used in this study. This is in
line with other works, which solely used OSM features to
predict building functions [28]. The reduced performance of
the footprint-only models in some cities may be associated
with the varying quality and completeness of the footprints.
While we performed manual data cleaning to remove obvious
cloudy and coarsely annotated patches from training and
testing data, we used both complete and incomplete building
footprints as inputs.

C. OSM quality

This study uses OSM data for model training and testing and
assumes labeled buildings are likely to be annotated correctly.
This assumption is supported by related literature [27], [28],
[42], which found significant variance in the completeness of
building function annotation in OSM, but the generally high
quality of available annotations. We manually cleaned the data
to remove obvious annotation errors and improve the dataset
quality (see section III-A). Nevertheless, comparison with
other datasets, such as the Global Human Settlement Layer
non-residential dataset [17] could provide further insights into
the quality of the OSM labels and help identify regions with
lower labelling accuracy. The incompleteness of OSM labels
is dealt with by training and testing only on the labeled

buildings. Possible inaccuracies in the OSM labels may lead to
over- or underestimating the model performance in individual
cities. Nevertheless, the study focuses on a relative comparison
between models trained on different data combinations and not
on absolute performance, which should be less sensitive to the
data quality. The findings in Table I suggest a global model
to be often on par with a local model, i.e., both models to be
equally good. The pronounced differences between different
cities may be associated to different difficulty of the cities, but
could also be related to annotation errors in the OSM labels.

D. Varying difficulty

We observe a relatively high variability of the model perfor-
mance between different cities. This can be partly explained
by the variable complexity of the given task. Classifying a
homogeneous settlement structure or unambiguous buildings is
easier than classifying a heterogeneous structure. Furthermore,
volunteers in a given region may be more likely to annotate
buildings of a specific type. We only selected test areas
with a certain number of annotated buildings and pixels to
mitigate the effects of annotation bias. Furthermore, focusing
on relative comparison instead of absolute performance should
mitigate possible selection effects.

E. Limitations

Building functions are not directly observable from remote
sensing images. Instead, they can be inferred from auxiliary
information, such as building morphology and the surrounding
buildings [13], [14]. Yet, this information may not be sufficient
in an ambiguous heterogeneous area, such as dense city
centers. Furthermore, the used classification scheme’s gran-
ularity may influence the feasibility of inferring functions. In
this study, we focused on a coarse residential/non-residential
classification scheme and used the F1 score for evaluation.
The binary classification scheme adds already valuable in-
formation to the widely available building footprint products
but avoids ambiguities of finer-grained classification schemes
[1], [28], [32]. The observed findings are also observed when
considering precision and recall instead of the F1 score (see
appendix C). Nevertheless, more granular evaluation metrics
and classifications may be desirable, but may not be feasible
with the data used throughout this study.

VI. CONCLUSION

This work studied the geographic transferability U-Nets
trained for building type classification. It was found that
models do no transfer well to countries, not included in the
training data. Training models on combined data from multiple
countries yields no penalty compared to training models for
each country separately. This suggests it is advantageous to
train only one model on the combination of the data, com-
pared to training multiple local models. Furthermore, it was
found that stacking building footprints on-top of the remote
sensing images improves both, the model’s performance and
the geographic transferability. It was found that for many test
cities this could reduce or even close the gap between non-
local and global models. While a model using only building

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully ¢

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3737186

JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATION AND REMOTE SENSING

footprints often performs as good as a model using footprints
and remote sensing images, it collapses to a random guesser
in the case of missing building footprints. The combined one,
however, only collapses to a model solely trained on remote
sensing images. Therefore, fusing footprints and remote sens-
ing images improves the model’s transferability, while making
it more robust to noise in the footprint data. This suggests
the approach may help predicting building functions in label
scarse areas. Further studies could investigate how a finer
classification scheme affects the results and how models fine-
tuned from foundation models behave in the given setting.
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APPENDIX A
OPENSTREETMAP MAPPING

Table III provides the mappings of OpenStreetMap entries
to the functional classes.

TABLE III

MAPPING FROM OPENSTREETMAP KEY, VALUE PAIRS TO BUILDING
FUNCTION CLASSES, USED IN THE STUDY.

class key

value

residential building

apartments, bungalow, cabin, detached, dormitory, farm,
house, houseboat, residential, static_caravan

non-residential ~ building

non-residential amenity

non-residential ~ shop

bakehouse, barn, cathedral, chapel, church, civic, commer-
cial, conservatory, cowshed, farm_auxiliary, government,
grandstand, greenhouse, hangar, hospital, hotel, industrial,
kindergarten, kiosk, mosque, office, pavilion, public, reli-
gious, retail, riding_hall, school, shrine, sports_hall, stable,
stadium, sty, supermarket, synagogue, temple, toilets, trans-
portation, university, warehouse

animal_boarding,  animal_shelter,  arts_centre,
bicycle_rental, biergarten, boat_rental,
bureau_de_change, cafe, car_rental, car_wash,
charging_station,  childcare, cinema, clinic, college,
community_centre,  courthouse, — crematorium,  dentist,
dive_centre, doctors, driving_school, embassy, fast_food,
ferry_terminal, fire_station, food_court, fuel, gambling,
gym, hospital, ice_cream, internet_cafe, kindergarten,
language_school, library, marketplace, monastery,
music_school, nightclub, nursing_home,  pharmacy,
place_of worship,  planetarium,  police,  post_depot,
post_office, prison, pub, public_building, ranger_station,
restaurant, sanitary_dump_station, school, shop,
social_centre, social_facility, stripclub, studio, swingerclub,
theatre, townhall, university, vehicle_inspection, veterinary
agrarian, anime, antiques, appliance, art, atv, baby_goods,
bag, bakery, bathroom_furnishing, beauty, bed, bever-
ages, bicycle, boat, bookmaker, books, boutique, brew-
ing_supplies, butcher, camera, candles, cannabis, car,
car_parts, car_repair, caravan, carpet, charity, cheese,
chemist, chocolate, clothes, coffee, collector, computer, con-
fectionery, convenience, copyshop, cosmetics, craft, curtain,
dairy, deli, department_store, doityourself, doors, drugstore,
dry_cleaning, e-cigarette, electrical, electronics, energy,
erotic, fabric, farm, fashion, fashion_accessories, fireplace,
fishing, flooring, florist, frame, free_flying, frozen_food,
fuel, funeral_directors, furniture, games, garden_centre, gar-
den_furniture, gas, general, gift, glaziery, golf, greengro-
cer, hairdresser, hairdresser_supply, hardware, health_food,
hearing_aids, herbalist, hifi, houseware, hunting, ice_cream,
interior_decoration, jetski, jewelry, kiosk, kitchen, lamps,
laundry, leather, locksmith, lottery, mall, massage, med-
ical_supply, mobile_phone, model, money_lender, mo-
torcycle, music, musical_instrument, newsagent, nutri-
tion_supplements, optician, organic, outdoor, paint, party,
pasta, pastry, pawnbroker, perfumery, pest_control, pet,
pet_grooming, photo, pyrotechnics, radiotechnics, religion,
robot, scuba_diving, seafood, second_hand, security, sewing,
shoes, ski, snowmobile, spices, sports, stationery, stor-
age_rental, street_vendor, supermarket, swimming_pool, tai-
lor, tattoo, tea, ticket, tiles, tobacco, toys, trade, trailer
travel_agency, trophy, tyres, vacant, vacuum_cleaner, va-
riety_store, video, video_games, watches, water, weapons,
wholesale, window_blind, windows, wine

bank,
brothel,

casino,

unlabeled building

unlabeled amenity

bridge, bunker, carport, construction, digester, garage,
garages, hut, parking, roof, ruins, service, shed, terrace,
train_station, transformer_tower, user defined, water_tower,
yes

atm, baby_hatch, baking_oven, bbq, bench, bicycle_parking,
bicycle_repair_station, boat_sharing, bus_station,
car_sharing, clock, drinking_water, firepit, fountain,
grave_yard, grit_bin, hunting_stand, kitchen,
kneipp_water_cure, motorcycle_parking, parking,
parking_entrance, parking_space, photo_booth,
post_box,  public_bath,  public_bookcase,  recycling,
sauna, shelter, shower, taxi, telephone, toilets, user
defined, vending_machine, waste_basket, waste_disposal,
waste_transfer_station, water_point, watering_place
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(a) Models tested with empty (zero mask) building footprints. Non-Local models are trained omitting data from the test country. Global models are
trained with data from all countries.
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(b) Models tested with all available building footprints. Non-Local models are trained omitting data from the test country. Global models are trained
with data from all countries.

Fig. 8. F1 score of models evaluated on the different test cities for PSPNet. The cross marks the median value of five models and ticks the best and
worst-performing models. Dashed vertical lines mark different test countries.

APPENDIX B
MODEL ABLATION

Figure 8 shows results for PSPNet and figure 9 for
DeepLabV3Plus.
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(a) Models tested with empty (zero mask) building footprints. Non-Local models are trained omitting data from the test country. Global models are
trained with data from all countries.
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(b) Models tested with all available building footprints. Non-Local models are trained omitting data from the test country. Global models are trained
with data from all countries.

Fig. 9. F1 score of models evaluated on the different test cities for DeepLabV3Plus. The cross marks the median value of five models and ticks the best and
worst-performing models. Dashed vertical lines mark different test countries.
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(a) Models tested with all available building footprints. Non-Local models are trained omitting data from the test country. Global models are trained
with data from all countries.
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(b) Models tested with all available building footprints. Non-Local models are trained omitting data from the test country. Global models are trained
with data from all countries.

Fig. 10. Precision and Recall of models evaluated on the different test cities. The cross marks the median value of five models and ticks the best and
worst-performing models. Dashed vertical lines mark different test countries.

APPENDIX C
METRIC ABLATION

Figure 10a shows results for Precision and figure 10b for
Recall.
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