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ABSTRACT

Buildings can be distinguished by their form or function
and maps of building types can be used by authorities for city
planning. Training models to perform this classification re-
quires appropriate training data. OpenStreetMap (OSM) data
is globaly available and partly provides information on build-
ing types. However, this data can be incomplete or wrong. In
this work a U-Net is trained to group buildings into one of the
three major function classes (commercial/industrial, residen-
tial and other) using incomplete OSM data or ground-truth
cadastral data. The model achieves overall accuracies of 72
and 75 percent. Given the OSM data has only around 20 per-
cent of the ground truth labels this shows the incomplete data
can be used to train for the building classification task.

Index Terms— Building-types, OSM, Cadastral, Seman-
tic Segmentation, Remote-Sensing

1. INTRODUCTION

Buildings can be disinguished by their structure [1, 2, 3]. or
by their function [4, 5, 6]. Such information is needed by
local authorities for city planning and allows comparison of
different cities. However, most of the studies focusing on
building type classification develop a custom classification
scheme, which applies only to a regional area, hampering
global comparison. Remote-sensing-based, map-based and
social-sensing based methods can be distinguished [6]. Map-
based and social-sensing based methods allow for a finer clas-
sification granularity (e.g. distinguishing schools and hospi-
tals). However, these methods cannot be transferred to other
geographic areas, where this data is not available. The same
issue can occur when using remote-sensing data alone, as in
[4]. They describe a rule-based classification scheme, which
fuses information obtained from multiple sensors. This classi-
fication scheme requires expert knowledge to formulate rules,
which will likely not apply to different geographic regions.

Instead of manually designing such rules, machine learn-
ing can be used to train a model to learn classification rules
based on labeled input data. Training such a model with
data from different geographic areas should resolve this is-
sue. Yet, obtaining high quality labeled data is time consum-

ing and costly. As an alternative, crowd-sourced data like
OpenStreetMap [7] can be used. However, while this data
is available in abundance it is neither necessarily complete
nor correct. In this paper the effect of using incomplete OSM
data to train a model for building type classification is stud-
ied. Therefore, a U-Net [8] is trained with OSM data and
compared against a baseline trained on official cadastral data.
The workflow to generate building type maps from satellite
images is given in the following and first results are presented.

2. METHODOLOGY

Building type classification from remote sensing images may
be treated as a semantic segmentation problem with poten-
tially noisy and incomplete labels.

The task can be split into two sub-problems: building de-
tection and building classification, i.e. separating buildings
from background and classifying buildings into one of the
three classes: commercial/industrial, residential and other.
The final building type maps can be obtained by merging the
classification maps with the building footprints. A similar ap-
proach for land-use mapping is described in [9]. Figure 1
shows the overall workflow. The classification maps are gen-
erated from the satellite images. The building footprints are
either obtained from the satellite images, or, if available, from
map data such as OSM. This paper focuses on the classifica-
tion and post-processing part, as there are various other stud-
ies focusing on the building extraction task [10, 11, 12].

OSM data and cadstral ground truth was obtained for ten
German cities. Cadastral data is assumed to be complete,
whereas, the OSM data is regarded as noisy and incomplete
(missing buildings and labels). A subset of nine cities is
used to train a U-Net [8], which is tested on the cadastral
data of the remaining city. Since the classes are imbalanced
(most pixels are background, followed by residential, com-
mercial/industrial, and other) a weighted cross-entropy loss
is used. The weights are obtained from the inverse class fre-
quencies (number of pixels belonging to one class divided by
the sum of pixels contributing to the loss).

For the OSM data there are many unlabeled buildings (see
figure 2). To test if this information can help the model to
learn the classification task, a combined loss function, which
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Fig. 1. Proposed workflow. Building type maps are generated
from satellite images. Building footprints for post-processing
are optionally generated from map data. This work focuses
on the upper branch, taking the footprints as given.

consists of one building detection loss and one classification
loss with corresponding weighting parameters, is used.

Ltot = αdetLdet + αclassLclass (1)

where αdet and αclass are weighting factors to adjust the
losses, Ldet and Lclass are two cross-entropy losses. The
classification loss is only calculated for the pixels belonging
to a labeled built-up class (i.e. commercial/industrial, resi-
dential and other) . For this a softmax is applied to the model
output and the values for the built-up classes are summed to
obtain the building probability, which is then fed to the loss
function.

The results are compared with a training using only one
loss function for both the detection and classification task,
where the unlabeled buildings are treated as background.
This covers the case of incomplete building footprints in
OSM, which is especially observed in other geographic re-
gions, where OSM is not as complete as in the studied area.

3. EXPERIMENTS & RESULTS

3.1. Dataset

The dataset consists of cadastral and OSM vector data for ten
cities from North Rhine-Westphalia (Germany), which was
obtained from [13] and [7]. The ten German cities are: Biele-
feld, Bochum, Bonn, Cologne, Dortmund, Duesseldorf, Duis-
burg, Essen, Muenster and Wuppertal.

Building footprints from OSM together with their se-
mantic tags building, amenity, and shop were extracted. The
cadastral data contains building functions by default. Seman-
tic information from both sources was then homogenized to a
common labeling scheme of commercial/industrial, residen-

tial, other, where mixed cases were assigned to residential
or the majority class. An additional no label class to handle
buildings without any function tag (see Fig. 2) was added.

All vector data was then rasterized to 3 m GSD, paired
with the Planet basemap images [14], and label/image patches
of 320x320 pixels were cut from the dataset.

The overall accuracy between building instances in cadas-
tral and OSM data is around 33%. This increases to around
95% when omitting buildings with no label in OSM data,
which suggests missing OSM labels to be the main difference
between both data. Fig. 2 supports this observation. For the
OSM data many buildings are colored in yellow (i.e. build-
ing footprint but no class information is available). Compar-
ing pixels with class information (red, green and blue) very
few differences are observed. Therefore, the OSM data is re-
garded as incomplete, but not noisy (i.e. having wrong la-
bels).

(a) Cadastral (b) OSM

Fig. 2. Overlay of image and labels for cadastral (a) and OSM
(b) data. Red is commercial/industrial, green is residential,
blue is other and yellow is unlabeled building. The OSM im-
age shows many unlabeled buildings.

3.2. Metrics

Overall accuracy (OA) and mean Intersection over Union
(mIoU) are calculated. For each metric three values are
reported. All is calculated from all pixels (buildings and
background), whereas Build is calculated considering only
the labeled built-up pixels. The Instance metric is calculated
after majority voting per building instance, which is obtained
from the cadastral data.

3.3. Training

A U-Net [8] is trained on cadastral or OSM data. The opti-
mizer is Adam with default settings in PyTorch, with a batch
size of 16, an initial learning rate of 1e-3, a minimum learning
rate of 1e-7, and a learning rate reduction by a factor of 10, if
the validation loss did not improve for five epochs. For final
model evaluation the model with the lowest validation loss is



Table 1. Mean and standard deviation of overall accuracy (OA) and mean Intersection over Union (mIoU) for models trained on
cadastral (CAD) and OpenStreetMap (OSM) data. Pixel-based metrics including background detection task (All), pixel-based
metrics for labeled buildings only (Build) and instance-based metrics for labeled buildings (Instance).

OA mIoU

All Build Instance All Build Instance

CAD αdet = αclass = 1.0 0.56 ± 0.02 0.75 ± 0.01 0.75 ± 0.01 0.25 ± 0.01 0.51 ± 0.01 0.42 ± 0.01
CAD αdet = 0.0 0.10 ± 0.00 0.74 ± 0.02 0.74 ± 0.02 0.07 ± 0.00 0.50 ± 0.01 0.40 ± 0.01
CAD αdet = 0.0, Lclass 0.69 ± 0.02 0.73 ± 0.02 0.72 ± 0.03 0.32 ± 0.01 0.50 ± 0.03 0.40 ± 0.02
OSM αdet = αclass = 1.0 0.55 ± 0.02 0.72 ± 0.01 0.72 ± 0.02 0.24 ± 0.01 0.48 ± 0.01 0.38 ± 0.01
OSM αdet = 0.0 0.10 ± 0.01 0.72 ± 0.02 0.72 ± 0.03 0.07 ± 0.00 0.48 ± 0.01 0.37 ± 0.01
OSM αdet = 0.0, Lclass 0.68 ± 0.01 0.68 ± 0.03 0.68 ± 0.03 0.31 ± 0.01 0.46 ± 0.02 0.36 ± 0.02
OSM 30% labeled buildings removed 0.55 ± 0.02 0.71 ± 0.01 0.70 ± 0.01 0.24 ± 0.02 0.47 ± 0.01 0.35 ± 0.04
OSM 30% buildings removed 0.50 ± 0.09 0.68 ± 0.06 0.67 ± 0.07 0.22 ± 0.04 0.45 ± 0.05 0.37 ± 0.01

chosen. The training is performed on nine of the ten cities
and all models are tested on the cadastral data from Cologne.
A five fold split is used for training and testing. Samples are
first sorted in east-west direction and then 80% are used for
training and 20% for validation.

3.4. Results

Three settings for both the cadastral and OSM data are com-
pared. One run with αdet = αclass = 1.0, one run with
αdet = 0 and another run with αdet = 0 and including the
background class in Lclass (i.e. using one cross-entropy loss
for both the detection and classification task). In another pre-
liminary experiment we randomly remove 30% of the labeled
buildings in OSM. We either remove only labeled buildings
or also remove 30% of the unlabeled buildings. Table 1 sum-
marizes the experiment results. The reported metrics are the
mean and standard deviation of the five training runs. As ex-
pected, αdet has a huge impact on the metrics covering the
detection task (All). However, when focusing only on the
classification task (Build and Instance), αdet seems to have
no impact. The combined loss (detection + classification)
achieves better accuracy when considering both the detec-
tion and the classification task. Yet, it has 2 to 4 percentage
points lower accuracy for the classification task alone. Com-
paring pixel- and instance-based metrics the overall accuracy
is comparable, however, the instance-based mIoU is approx-
imately ten percentage points lower. Overall, the cadastral
training achieves 3-4% higher accuracy than the OSM train-
ing. If 30% of the labeled buildings are removed there is only
a slight drop in overall accuracy and mIoU. However, when
also 30% of the unlabeled buildings are removed the accuracy
drops and the variance increases.

Figure 3 shows ground truth and prediction after post-
processing, i.e. conducting majority voting for each building
for a scene in Cologne. The predicted map cannot reproduce
very fine structures from the ground truth. Especially, in the

(a) Ground Truth (b) Prediction

Fig. 3. Ground truth and prediction after post-processing (ma-
jority voting per building instance) for Cologne. Red is com-
mercial/industrial, green is residential and blue is other.

center the model predicts only commercial/industrial build-
ings, where there should be a mixture of all three classes.

3.5. Discussion

The previous experiments show that both cadastral and OSM
data can be used for training a network for building type clas-
sification. When focusing only on the classification task the
cadastral training achieves slightly higher accuracy. Yet, this
could also be caused by solely testing the model on cadas-
tral data, giving the model trained on cadastral data a slight
advantage.

Separating building detection and classification task ap-
pears to enable slightly higher classification accuracy com-
pared to learning both tasks in one loss function. However,
teaching the model to also detect buildings (αdet > 0) bears



no benefit for the classification metrics. This suggests that
separating building detection from classification and fusing
the footprints with the classification map is a valid approach
for generating building type maps.

The preliminary experiment with removed labels suggests
training on incomplete class labels but complete building
footprints to be better than training on incomplete class labels
and building footprints. Further experiments with different
levels of completeness are needed.

The model is not able to reproduce the fine structure in the
city center. While it is comparably easy to distinguish a huge
industrial complex from a suburban residential area from re-
mote sensing images, it is nearly impossible to distinguish
an administrative from some commercial building in a dense
city center. This may be improved by using an advanced post-
processing or adding supplementary data.

4. CONCLUSION

This work shows that incomplete OpenStreetMap data can
be used to train a building type classification model, which
performs comparable to a model trained on complete ground
truth cadastral data. Testing both models on cadastral data
the best performing cadastral model achieves 75% overall ac-
curacy and the best performing OSM model 72%. Given
that OSM has significantly less labeled buildings these re-
sults show the feasibility of training such a model from OSM
data. In the future we will extend the training to noisy OSM
data (i.e. confused class labels) and test if semi- and self-
supervised methods can be applied to the given problem.
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