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Semantic labelling of building types. A comparison of two
approaches using Random Forest and Deep Learning
ARIANE DROIN1,2, MICHAEL WURM2 & WOLFGANG SULZER1
Abstract: In the context of sustainable planning, knowledge about building type is crucial.
Yet, this information is scarce and mostly inhomogeneous. In regard to the big-data era, two
approaches for building type classification are presented based on different data basis. The
first approach shows semantic classification of building footprints using a set of features
(simple geometric, morphological and topological features) and the machine learning
algorithm Random Forest. Very high accuracies for the federal states of Germany could be
achieved with Kappa Coefficients between 0.87 and 0.98. The second framework presents
the possibility to conduct semantic labelling of aerial images using Fully Convolutional
Neural Networks. The gained accuracy in this case is a Kappa of 0.73 for the federal state of
Berlin.

1 Introduction
In the general discourse of energy consumption, buildings make up for about 30-40% of the
global final energy use consumption (INTERNATIONAL ENERGY AGENCY AND THE UNITED
NATIONS ENVIRONMENT PROGRAMME 2018). However, the building sector is also known to have
huge potentials in regard to energy savings and hence to officiate as key holder to meet the
defined energy saving goals (STEEMERS & YUN 2009). Consequently, knowledge about building
types is crucial in the context of heat demand calculations and predictions. In spite of the
importance of this data, the availability of this information is scarce, not up-to-date and
heterogeneous (HECHT et al. 2015).
Derivation and classification of building types based on remote sensing and Geographic
Information System (GIS) data has been researched and conducted by several studies (e.g.
MEINEL et al. 2009; BELGIU et al. 2014; WURM et al. 2016). The researched approaches however
vary broadly depending on data basis, on local conditions, on the desired output and focus
mostly on city applications.
The development and evolution of artificial intelligence makes it possible to emerge further into
the field of big data and to solve tasks which were not feasible up to now. Hence, the presented
study shows two approaches for semantic labelling of building types based on the assumption of
the availability of different data basis. The first approach uses the machine learning algorithm
Random Forest (RF) to derivate building types on two semantic stages (see Figure 1) based on
Level of Detail 1 (LoD1) and census data. The second approach relies solely on remote sensing
data and hence on the classification of different building types based on spectral data when
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building footprint data is not available. Up to now this task was not feasible, based on the broad
intra-spectral variability of buildings, but with the emergence and evolution of Neural Networks,
which can detect non-linear and complex relationships in the data, new fields arise (ZHANG et al.
2016; ZHU et al. 2017). Consequently, the second approach focuses on the semantic
segmentation of building types based on aerial images.
The nomenclature for the semantic stages (see Fig. 1) is based on the nomenclature of the
Institute of Housing and Environment (IWU), as these related types are used as basis for energy
consumption modelling.

Fig. 1:

Two-stage approach for semantic labelling of building types

2 Methods and data
2.1 Semantic labelling of building types using Random Forest
The building footprint dataset (LoD1) is acquired from the Federal Agency of Cartography and
Geodesy (BKG) of Germany and contains ~51 million buildings. Additionally, the census data
from 2011, provided in 100 m grid cells, is used for the generation of training and reference
datasets as building type information is contained within the census (see Fig. 2).
The RF algorithm is based on the majority vote of a multitude of decision trees which are built
using bootstrap aggregating (BREIMAN 2001). The efficiency of RF, and hence making it a stateof-the-art machine learning algorithm, lies in the fact that it takes random subsamples of data and
features for building each single tree (bootstrap aggregating) and thus making it prune to
overfitting. The remaining data that was not used in the building process of the trees is used to
estimate the performance of each single tree (Out-Of-Bag (OOB) estimate) as well as the
ensemble of trees. Furthermore, the importance of each feature can be estimated, which is useful
information for restricting the calculation performance (RODRIGUEZ-GALLIANO 2012; LIAW &
WIENER 2002).
For the classification task, different sets of features are chosen (see Tab. 1). It is assumed that the
different building types have different morphological and topological properties based on their
type (see Tab. 2).
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Fig. 2:

General layout of the developed methodology for semantic labelling of LoD1 data

The feature sets are calculated for every single building and used for the classification task. The
information of the building types of the first semantic stage is already included officially for
almost every federal state of Germany (apart from Bremen, Saxony and Thuringia) and is hence
used for prediction of the latter three. Using the defined features and RF, the information of the
first semantic stage is predicted for those three states.
Tab. 1: Feature set used for Random Forest classification of building types
Simple Geometric
Features:
Morphological
Features
Topological
Features

Perimeter [m], Area [m²], Height [m], Proportion between
Height and Area, Volume [m³]
Detour, Range, Exchange, Cohesion, Proximity, Spin, Shape
Index, Fractal Dimension
Consecutive neighbors, Dissolved area of neighboring
buildings [m²], Dissolved perimeter [m], Relative area [%] of
the building area compared to the dissolved area

For the prediction of the second semantic stage (see Fig. 1) training data is generated using the
census grid cells. Buildings which are located in cells with only one building type are selected.
However, as it is assumed that certain errors can occur, additional thresholds are defined, to
ensure that only the desired building type is included (e.g. Single-Family Homes have no
consecutive neighbors or Semi-Detached buildings must have exactly one neighbor and at least a
share of 25% on the dissolved area).
For the classification procedure the default values of RF classifiers are used (500 trees and √n
features) and to reduce calculation time each federal state is classified separately. A random
subsample of 50% is taken from the training data for the classification process while the other
50% are used for Accuracy Assessment. Furthermore, several set-ups are constructed to assess
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the quality, applicability and conformity of the developed approach. The first set-up evaluated
the performance of census data as training dataset. Therefore, a manually labelled and randomly
selected training sample of 3,000 buildings footprints for the federal state of Berlin is generated.
The second set-up assesses the influence and importance of the different feature sets on the
classification result.
Tab. 2: Examples of different morphological properties for different residential building types (Image
Source: Google Earth 2018)
Single-Family
Home

SemiDetached
Building

Terraced
Building

Multi-Family Home

Perimeter
Index

0.85

0.87

0.84

0.69

Detour
Index

0.89

0.87

0.84

0.69

Range
Index

0.80

0.76

0.72

0.53

Schema

2.2 Semantic segmentation of building types using Deep Learning
Semantic segmentation of aerial images is the task of assigning each pixel a semantic meaning.
Deep learning architectures have proven to be far more successful in this sense than conventional
machine learning algorithms (LONG et al. 2015). The advantage of Deep Learning is that it can
automatically learn abstract and discriminative features from the input data. Hence, overspecification or incompleteness of features is hindered (ZHU et al. 2017).
LONG et al. (2015) brought up Fully Convolutional Networks (FCN) where no fully connected
layers are needed for semantic segmentation of images. For semantic segmentation of building
types based on aerial images the FCN-vgg19 from the Visual Group of Oxford University
(SIMONYAN & ZISSERMAN 2014) is used and for the architecture of the network, we refer to
WURM et al. (2019) who deployed the network for semantic segmentation of informal
settlements. In the proposed approach, we use orthophotos with a resolution of 40 cm in the
visible spectrum.
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For semantic segmentation, rasterization of the LoD1 data (using the first and the second
semantic stage respectively) is carried out for the generation of training data. Additionally,
training data using only the building footprints with no further semantic differentiation is also
generated. This is done to be able to assess if the Random-Forest approach can also be applied on
footprint data derived using Deep Learning algorithms. The general layout of the semantic
segmentation approach using Deep Learning is shown Fig. 3.

Fig. 3:

General layout of the developed methodology for semantic segmentation of aerial images

The FCN algorithm works with image tiles with a size of 224×224 pixels, resulting in a training
data set with 55,843 tiles without overlap. For assessing the accuracy, a 4-fold cross validation is
carried out using the columns of the tiling process.
While the results of the semantic segmentation process on the first stage only need to be postprocessed due to tiling-effects, the semantic segmented building footprints need to be further
processed to gain a higher semantic meaning. Therefore, the morphological features from the
RF-approach are calculated for every derived footprint. Based on the fact, that the resulting
footprints are always one polygon and that the housing units cannot be separated, no topological
features can be calculated. Furthermore, due to missing elevation data no features including
height information could be included in the feature set. The accuracy of the results from semantic
classification on the first stage on the Deep Learning derived footprints is assessed in two ways.
On the one hand, 4,700 building footprints are annotated manually for the generation of a
reference dataset. On the other hand, the LoD1 data with the included semantic information
which intersect the derived building footprints are dissolved into one building and assigned the
class with the biggest share on the dissolved area. Hence, 81,000 reference buildings for Berlin
could be generated (see Fig. 4).
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Fig. 4:

Generation of reference data using the class with the largest share on the intersecting building

3 Results
For the RF approach, Kappa accuracies of 0.86 (Bremen) and 0.91 (Saxony and Thuringia) could
be reached for the first semantic stage. The other federal states already had the first semantic
stage information included. For the second semantic stage Overall Accuracy (OA) for every
singly federal state is above 95% and Kappa is around 0.9 for the states of Baden-Württemberg
and Saxony and above 0.9 for the other federal states (see Fig. 5).

Fig. 5:

Accuracy results for each federal state

Regarding the feature importance (see Fig. 6) differences between the different sets can be
deduced. Simple geometric features, especially those containing height information, and
topological features score the highest importance between the federal states. The indexed
morphological features show big variations in their importance. The importance of the feature
“Relative area” has the lowest variation and has therefore approximately the same importance in
the classification process of each federal state.
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Fig. 6:

Feature importance for the RF approach for residential building type classification (SGF =
Simple geometric features, TF = Topological features and MF = morphological features)

The accuracy results for the evaluation of the usability of census data using a manually labelled
reference data set for comparison yields quite resembling results, with a slightly lower accuracy
for the manual data set (see Fig. 7).

Fig. 7:

Comparison of accuracy measures for reference data using different sets of training data
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The impact on the accuracy when different sets of features are used (first set is with all features,
second set is only with simple geometric and topological features combined and third set is only
morphological features) show clear tendencies. The accuracy results show that there is a clear
decrease in accuracy for every federal state when only morphological features are used, and only
a slight decrease in accuracy when no morphological features are included (see Fig. 8).
Furthermore, it can be stated, that the lowering of accuracy is considerably less in urban federal
states than in the rural ones.

Fig. 8:

Accuracy result for the different federal states using different sets of features (MF =
morphological features)

The approach using Fully Convolutional networks results in an OA of 93% and a Kappa of 0.73
for the first semantic stage. If no semantic differentiation is conducted but only the detection of
building footprint data is regarded a Kappa of 0.8 is achieved (see Fig. 9).
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Fig. 9:

Accuracy results for semantic segmentation of building footprints and the first semantic stage

Applying the Random Forest approach on the derived footprints with no semantic specification
using the LoD1 data yielded low accuracies with a Kappa value of 0.32 and using the manually
generated training and reference data yielded results with a Kappa value of 0.46 (see Fig. 10).

Fig. 10: Accuracy measures of Random Forest classification based on Deep Learning derived footprints
using Random Forest

A visualisation of the results of the first and second semantic stage based on the different data
basis can be taken from Fig. 11.
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Fig. 11: Exemplary results for the two approaches

4 Discussion and Outlook
All accuracies of the RF are very high and thus, show that this approach can be applied for the
derivation of building type information. Using features with topological and height information
is important in this regard, as they are crucial in the process of distinguishing different building
types. This is not only shown by the feature importance but also by the results of the set-up
where different feature sets have been used. Even if morphological features do not seem to be as
important as the ones mentioned before and no high accuracy can be gained when only
morphological features are used, a stabilization of the classification result can be concluded
(Kappa is lowered by ~0.2 without them). Hence, it is suggested to use these features as well.
The higher Kappa value for the urban federal states, when only morphological features are used,
are based on the fact that the forms of different building types in cities are more homogeneous
than in the bigger rural states. The higher variation of importance for the indexed morphological
features underlines this assumption. However, the exact reasons and implications for that need to
be further researched.
When the results of the accuracy using census reference data is compared to the results of the
manually generated reference data it can be deduced that the census data is indeed a viable
source for training and reference data. The slight lowering in accuracy for the manual training
data can be concluded on the one hand on the highly imbalanced amount of class samples, based
on the random selection, and on the lower amounts of reference data.
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The results of the first semantic stage for the Neural Network approach are promising, regarding
the fact that building types are only differentiated based on spectral data. However, the variation
of roof material and hence the broad spectral variability for the further differentiation of
residential building types using Neural Networks resulted in comparatively inaccurate results.
Further research is to be conducted in this context, especially in regard to the inclusion of height
information for example. The lower classification accuracy using only the derived footprints for
the RF approach from the Deep Learning approach can be traced back to the fact that
differentiation based only on morphological aspects is quite difficult. The inclusion of height
information in this case could increase the accuracy considerably (cf. WURM et al. 2016). Hence,
this aspect needs to be further researched, especially since in some cases spectral data is cheaper
to acquire than elevation data, making it a valuable data source for semantic labelling of building
footprints for areas where no official footprint data is available.
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