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ABSTRACT

ARTICLE HISTORY

Determining the location of a building’s entrance is crucial to
location-based services, such as wayfinding for pedestrians.
Unfortunately, entrance information is often missing from current
mainstream map providers such as Google Maps. Frequently,
automatic approaches for detecting building entrances are
based on street-level images that are not widely available. To
address this issue, we propose a more general approach for infer
ring the main entrances of public buildings based on the associa
tion between spatial elements extracted from OpenStreetMap. In
particular, we adopt three binary classification approaches,
weighted random forest, balanced random forest, and smoothboost to model the association relationship. There are two types of
features considered in the classification: intrinsic features derived
from building footprints and extrinsic features derived from spatial
contexts, such as roads, green spaces, bicycle parking areas, and
neighboring buildings. We conducted extensive experiments on
320 public buildings with an average perimeter of 350 m. The
experimental results showed that the locations of building
entrances estimated by the weighted random forest and balanced
random forest models have a mean linear distance error of 21 m
and a mean path distance error of 22 m, ruling out 90% of the
incorrect locations of the main entrance of buildings.
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1. Introduction
Building entrances play a vital role in connecting outdoor and indoor spaces. Determining
the location of the main entrance of a building is crucial to location-based services (LBS)
(Zeng and Weber 2015). The lack of entrance information on current mainstream map
providers such as Bing Maps and Google Maps leads to inaccurate and misleading
navigation when, for example, the planned route to a certain building guides users to
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locations away from the main entrance. Consequently, users may become frustrated,
anxious, and are required to find the entrance themselves. This is an unpleasant experi
ence, especially for people with mobility constraints, as public buildings are often large
and difficult to navigate. Figure 1 shows two real examples of using Google Maps to plan
a route to a certain building. Three more examples are given in Appendix A to show the
misleading routing services provided by Google Maps. Scenarios in which car-driving
users are guided to a parking lot with direct access to a building are not considered in this
study. However, if the parking lot is outside the building, guiding users from the parking
lot to the building’s entrance is still necessary.
Shorter and simpler routes can be provided if the main entrance of buildings is
a mapped feature. Realizing the importance of mapping building entrances, the
OpenStreetMap (OSM) contributors have created a tag to represent the main entrance
as a node with the OSM tag ’entrance = main’ (Goetz and Zipf 2011). However, to date,
only a small proportion of buildings on OSM have an entrance tag feature (for example, in
the London area, there are only about 60 public buildings that are tagged with the main
entrance). This is because it is difficult for volunteers to provide data on building
entrances than other features, such as the footprint and name of the buildings, which
can be obtained through public information, Bing satellite imagery, or common knowl
edge. Only the volunteers who are familiar with the building can mark the main entrance
on OSM. To overcome this challenge, some automatic solutions have been proposed to
identify the entrance of buildings from street-level images (Kang et al. 2010, Liu et al. 2014,
2017), and remarkable tagging results have been achieved. However, this type of data
limits the applicability of the approach, even though Google Street View is the largest
provider of street view images the necessary street-level images are not guaranteed to be
available for some parts of the world. This is particularly problematic for developing
countries. Furthermore, not all entrances can be directly observed from the street due
to objects obstructing the street view.
Here, we propose a more general and applicable main entrance tagging approach for
public buildings (e.g., hospitals, office buildings, and museums) by making use of OSM,
which contains trustworthy and freely accessible geospatial information for many parts of

Figure 1. Inaccurate and misleading navigation by Google Maps due to missing of entrance informa
tion. Locations tagged by black and red circles are the planned target points from Google Maps and
the true main entrance, respectively. The blue-dotted line represents the planned path using Google
Maps. The yellow line shows the extra path taken to find the true entrance to the target location. The
red dashed line denotes the shortcut that is not found by Google Maps.
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the world (Hochmair et al. 2013). In this study, we adopt the specification of the OSM
community,1 in which a public building is defined as a building accessible to the general
public and containing the OSM tag ’building = public.’ These include town halls, police
stations, courthouses, hospitals, libraries, museums, etc. We focus on public buildings
because they are the most common route destinations. Therefore, guiding users directly
to the entrance of public buildings is of greater interest. Moreover, this work focuses on
the detection of the main entrance, ignoring the possible secondary or ancillary
entrances, since in many cases the public is not allowed to use secondary entrances.
These are most commonly used for special purposes, such as emergency evacuations.
Therefore, for navigation purposes, the main entrance is the most important.
There is a strong connection between the geometry of the footprint of a building and
its functional elements (Hu et al. 2018, 2019). Specifically, the location of the main
entrance of a public building is correlated with the shape of its footprint. For instance,
the main entrance is normally located near the centroid of the footprint, as shown in
Figure 2(a). If the footprint is symmetrical, the main entrance is very likely located close to
the symmetry axis to maintain the symmetric characteristics of the building, as shown in
Figure 2(b). At other times the main entrance is located at the convex and concave edges
of the footprint, which corresponds to the rain-shed, independent vertical passage, or
entrance foyer. In addition, the main entrance of a building is correlated with the street
layout in its spatial context. Generally, the main entrance should be easily accessible and
visible from the street, as shown in Figure 3.
The main entrance can be tagged by statistically evaluating the association relation
ships mentioned above. More specifically, by splitting the footprint into discrete equidi
stant points, referred to as samples, it is possible to identify which sample is most likely to
contain the main entrance (this is the positive sample). For each point, the intrinsic and
extrinsic features are extracted. Intrinsic features include the geometrical and spatial
relationships between the sample and the footprint of the building. The extrinsic features
refer to the spatial relationship between the sample and its broader spatial context. The
proposed approach consists of two stages: model training and entrance tagging. During
the training stage, three different classification models were fitted to simulate the
association relationship. They are the weighted random forest (WRF)(Effendy et al.

Figure 2. Location of entrance is correlated with shape of footprint.
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Figure 3. Location of entrance is correlated with spatial contexts of buildings.

2014), balanced random forest (BRF) (Khalilia et al. 2011), and the SmoteBoost (Chawla
et al. 2002) algorithms. We tested and compared these models to evaluate possible class
imbalance issues. During the tagging stage, the fitted models were used to calculate the
probability of each sample being positive, that is, containing the main entrance. The
sample with the highest probability was chosen as the estimated location of the main
entrance. This work provides a novel automatic approach for estimating the physical
location of the main entrances of public buildings based only on OSM data. Our proposed
method is broadly applicable, as OSM data are freely accessible and geometrically reliable
for a significant number of locations.
The remainder of this paper is structured as follows: In Section 2, we provide an
overview of related works. In Section 3, the workflow of the proposed approach and
details on each of its steps are presented. In Section 4, we evaluate the proposed
approach. In Section 5, we discuss relevant issues. Finally, we present the most pertinent
conclusions in Section 6.

2. Related works
Entrance detection approaches can be categorized into two general types: indoor door
detection and outdoor entrance detection. Door detection approaches have been widely
investigated for two reasons. First, robots need to recognize the location of doors for
autonomous navigation. Second, indoor reconstruction solutions must be able to detect
the location of doors to build a complete indoor navigation network for pedestrians.
Murillo et al. (2008) presented a technique for detecting doors for robot navigation using
only visual information. The probability distribution was learned in a parametric form from
a few reference images in a supervised setting. A model-based approach was used, where
the door model is described by a small set of parameters characterizing the shape and
appearance of the object. The geometry of the door was specified by a small number of
parameters, and the appearance was learned from the reference data. The constraints of
man-made environments were used to generate multiple hypotheses of the model, and
the learned probability distribution was used to evaluate their likelihood. Zhao et al.
(2015) proposed a lightweight and broadly applicable door detection approach based on
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the magnetometer embedded on a smartphone. This method analyzed readings from
built-in magnetic sensors because anomalies or sharp fluctuations of magnetic signals
normally occur at doors. Nikoohemat et al. (2017) proposed using mobile laser scanners
for data collection. These scanners can detect openings (e.g., windows and doors) in
cluttered indoor environments by using occlusion reasoning and trajectories. The results
showed that using structured learning methods for semantic classification is promising.
Recently, Quintana et al. (2018) presented an approach that detects open, semi-open, and
closed doors in 3D laser-scanned data of indoor environments. This method integrated
the information regarding both the geometry and color provided by a calibrated set of 3D
laser scanners and a color camera. The integration of geometry and color makes this
method sensitive to occlusion and variations in colors resulting from varying lighting
conditions at each scanning location.
A few automatic methods for detecting the entrance of buildings, which is the focus of
this work, have also been proposed. Entrances have traditionally been detected through
image analysis. That is, the detection of entrances is addressed as a task of image semantic
tagging. For instance, Liu et al. (2014) proposed a three-stage system that starts with
a high-recall entrance candidate extractor, which is followed by candidate classification
based on local image features. The final stage uses Markov Chain Monte Carlo to solve
a Bayesian inference problem through multiple views and to select the best set of
entrances that explain the image of a facade. The system achieves a recall of 70% on
a challenging dataset of urban scene images. Kang et al. (2010) proposed an approach to
detecting the entrance of buildings for robot navigation based on images that can be
collected in real-time by mobile robots during navigation. They adopted a probabilistic
model for entrance detection by defining the likelihood of various features for entrance
hypotheses. The basic idea was to exclude non-entrance regions in the surface of
a building, such as walls and windows, which were extracted from the image of the
surface. The remaining region was considered the candidate for an entrance, which was
then evaluated by their proposed probabilistic model. Recently, Talebi et al. (2018)
presented a vision-based method for detecting building entrances with outdoor images.
They first converted the RGB image into a gray-scale image, from which the vertical and
horizontal line segments were detected through the line segment detector (LSD) algo
rithm. Then, the regions between the vertical lines were specified, and the features
including height, width, location, color, texture, and the number of lines inside the regions
were obtained. Finally, they used additional knowledge, such as door existence at the
bottom of the image and a reasonable height and width of a door, to decide whether
a door was detected. In contrast to the aforementioned works that use manually defined
features to detect entrances, Liu et al. (2017) proposed using a random forest (RF) classifier
to perform automatic feature selection and entrance classification. The process of the
algorithm was as follows: first, the scene geometry was exploited, and the multidimensional problem was reduced to a one-dimensional (1D) problem. Then, a rich set
of discriminative image features for entrances was explored according to constructed
designs, specifically focusing on properties such as symmetry and color consistency.
Finally, a joint model was formulated in three dimensions (3D) for entrances on a given
facade, which enabled the systematic exploitation of physical constraints between differ
ent entrances on the same facade to prune false positives, and thereby select an optimum
set of entrances. The drawback of these studies is their reliance on street-level images that
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do not always contain the entrance of each building. Furthermore, Google Street View
covers only partially large cities worldwide. The robot-based solution is not applicable for
pedestrian way-finding, in which it is necessary to know the location of the main entrance
in advance.

3. Approach
As illustrated in Figure 4, the proposed approach consists of two stages: training and
tagging. In the training stage, the edges of each building were split into single points, also
named samples. They were then tagged as positive (true main entrance) and negative,
accordingly. The next step extracted features for each sample by measuring the relation
ship between the sample and the footprint (intrinsic features) and the surrounding spatial
entities (extrinsic features), such as the distance to the centroid of the footprint and the
shortest path to the main roads. However, some negative samples neighbored positive
samples, which may have caused the misclassification of a positive sample. To solve this
issue, only the ‘strong’ negative samples were used in the training data. The ‘strong’
negative samples are those whose physical or feature distance was far away from the
positive sample. After collecting the samples from each training building, the missing data
caused by the lack of spatial entities around a certain building were filled. For instance,
not all buildings have main roads. Finally, a classification model unaffected by unbalanced
class issues was fitted based on the training samples.
In the tagging stage, the footprint of a test building was split into single points, and the
corresponding features were extracted in the same way as in the training stage. In this
stage, all the points were taken into consideration, not only the strong negative points as
in the training stage, because it was unclear which points were strong negatives. The next
step imputed the missing data through the straw-man strategy (Tang and Ishwaran 2017).
Specifically, the missing value of a numerical feature was filled out with the median value

Figure 4. Workflow of proposed approach.
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of the non-missing values of this feature. Similarly, the missing value of a categorical
feature was filled out with the most frequent value of the non-missing values of this
feature in the training samples. Then, the trained model was used to calculate the
probability of classifying each sample as positive or negative. Finally, the sample with
the highest positive probability was chosen as the estimated location of the main
entrance. Thus, the true entrance was detected, although a soft negative sample near
a true positive one in either the physical or feature space might have been judged as
positive with a positive probability over 0.5. This is because the predicted positive
probability of the true entrance sample was typically higher than that of the soft negative
samples. In the following sections, we will elaborate on the key steps of the training stage.

3.1. Data pre-processing
The input of the training stage was composed of the building data. For each building, its
external edges were split into smaller segments with an interval of 3 m, as the width of the
main entrance of public buildings is normally around 3 m. By doing so, the segment
approximately represented the main entrance. The segment with a length below 3 m was
treated as a complete segment. Then, the midpoint of the segment was chosen as
a sample (the candidate location of the main entrance). The one whose parental segment
contained the true main entrance was tagged as positive, and the others were tagged as
negative. We defined the edge containing a sample as the master edge of the sample. The
features of each sample were then extracted by measuring the relationship between the
sample and the footprint (intrinsic features) and the surrounding spatial entities (extrinsic
features). Figure 5(a) shows the footprint of a building. Figure 5(b) shows the discretized
result, from which we can see: (1) the number of negative samples was much larger than
that of the positive samples (only one); (2) the positive sample was physically surrounded
by some negative samples. If we fit a normal classification model with these samples, all
the test samples would most likely be categorized as negative to achieve the highest
classification accuracy. However, we expect the model to correctly select the positive
samples from the negative ones.
To handle the imbalanced data issue, this work adopted three classification models:
SmoteBoost, balanced random forest, and weighted random forest. To address

Figure 5. Process of footprint split and sample extraction.
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the second issue, the negative samples that are close to the positive sample in either
physical or feature distance were excluded from the training samples. That is, only the
‘strong’ negative samples were preserved. The physical and feature distance thresholds
are denoted by PT and FT , respectively. The physical distance between two samples was
defined as the shortest linear distance along the footprint, as shown in Figture 10. The
feature distance was defined as the Euclidean distance of the feature vector of two
samples. Note that before calculating the feature distance, each variable in the vector
was first normalized by using the min-max normalization method, as shown in Formula 1,
which limits the value of all features to the range of zero and one. Figure 5(c) shows the
selected ‘strong’ negative samples.
0

X ¼

X
Xmax

Xmin
Xmin

(1)

After obtaining positive and ‘strong’ negative samples for all the training buildings, the
straw-man imputation strategy was adopted to fill in the missing data from the training
samples. Specifically, the missing values of a numerical feature were filled with median
values of the non-missing values of this feature in the training samples. Likewise, we filled
out the missing value of a categorical feature with the most frequent value of the nonmissing values of this feature in the training samples. More approaches that impute
the missing data will be investigated in our future work, such as k-nearest neighbors
(KNN), missing forest, and multiple imputations by chained equations (MICE) (Deng et al.
2016, Tang and Ishwaran 2017).

3.2. Feature extraction
This section introduces the procedure to extract features from each sample of the
building. Given a building, its footprint and surrounding spatial contexts or entities
were obtained from OSM, from which the intrinsic and extrinsic features were derived,
respectively. In total, we defined 84 features. The complete list of features we used can be
found in the shared files.

3.2.1. Extrinsic feature
The spatial contexts include address street, main road, pedestrian way, service way, railway,
bicycle parking area, landmark, and postbox. Partial buildings were tagged with the street
address. The key ‘addr_street’ in OSM and its corresponding value was renamed to
‘addr_street_value’ in this work, based on which the street address of the building was
retrieved. The key and value of these contexts in OSM are given in Table 1. The relation
ship between the sample and the spatial contexts can be measured in multiple ways, as
shown in the first column of Table 2. Note that we did not choose the pathways
connected to the building as the spatial context as shown in Figure 6.
Before introducing the specific features, we defined the outer perpendicular line (OPL)
and inner perpendicular line (IPL) of a sample, which were needed to define certain
features. The OPL of a sample is the line within the sample that extends along the line
perpendicular to the master edge of the sample and deviates from the building.
Conversely, IPL is the line within the sample that extends along the line perpendicular
to the master edge of the sample and toward the footprint. The OPL and IPL of a sample in
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Table 1. OSM key and value of spatial entities used to extract external features.
key
name
highway
highway
highway
railway
amenity
artwork_type
tourism
historic
amenity
man_made
man_made
amenity

address street
main road
pedestrian way
service way
railway
bicycle parking area
landmark

postbox

value
addr_street_value
primary/secondary/tertiary/unclassified/residential
pedestrian
service
rail
bicycle_parking
sculpture
artwork
memorial
fountain
water_well
flagpole
post_box

Table 2. Extrinsic feature extraction by measuring the relationship between samples and spatial
contexts.

Shortest path distance (*)
Accessible
Turning degree
Degree of visibility (*)
Visible
Euclidean distance (*)

address
street
✓
✓
✓
✓
✓

main
road
✓
✓
✓
✓
✓

pedestrian
way
✓
✓
✓

service
way
✓
✓
✓
✓
✓

railway
✓
✓
✓
✓
✓

bicycle park
ing area
✓
✓
✓
✓

landmark postbox

✓
✓

✓
✓

Figure 6. Pathway surrounded by blue rectangles is connected to buildings on OSM with the
connection point as the location of main entrance.

Figure 5(a) are denoted by the green and brown lines, respectively. The following
measures were used to define the external feature:
Shortest path distance: This refers to the shortest path distance from a sample to
multiple spatial contexts of the same type, such as multiple service ways. Normally, the
true sample (main entrance) can be easily accessed (with a shorter path distance than
other samples) from address streets and main roads. To calculate the path distance, the
path obstacle is first extracted, including building, barrier, grass, water, railway, and
garden. Next, the spatial contexts in the form of line segments or polygons are split
into points at a certain interval. A small interval will cause a high computational cost of the
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shortest path, while a large value might cause inaccurate computation of the shortest
path distance. Thus, in this study, a 5-m interval was adopted. The path distance from the
sample to these context points is then calculated with the A-star algorithm (Hart et al.
1968), and among them, the shortest path distance is obtained.
Turning degree: This refers to the turning degree of the shortest path from a sample
to a certain spatial context. It is calculated by dividing the shortest path distance by the
Euclidean distance from the sample to the target location on the shortest path. The larger
the value, the greater the turns on the shortest path.
Accessible: This measures if a sample is accessible from a certain spatial context. This
can be obtained from the result of the shortest path distance.
Degree of visibility: This measures how easily a sample (candidate entrance) can be
observed from certain spatial contexts. Generally, the main entrance is easily observed
from main roads. The obstacles that hinder visibility include buildings and barriers defined
by the key ‘barrier’ on OSM. To calculate the degree of visibility of a sample, the spatial
contexts (e.g., main roads) are first discretized into points at a certain interval, and the
number of points from which a sample can be directly observed without obstruction is
used as the degree of visibility. In this case, a 5-m interval was adopted to achieve
a balance between computational cost and accuracy.
Visible: This measures if a sample is visible from a certain type of spatial context. This
can be derived from the results of the degree of visibility.
Euclidean distance: This refers to the Euclidean distance between a sample and its
spatial contexts.
The other important extrinsic features are as follows:
Open area (*): This measures the size of an open area before a sample. To calculate the
feature, the OPL of the sample is obtained, before searching all intersection points
between the OPL and obstacles. The open area then equals the shortest Euclidean
distance between the intersection points and the sample. The obstacles here refer to
buildings, grass, main road, barriers, water, and railways.
Distance to buildings(*): This measures the Euclidean distance from a sample to the
nearest building. It is calculated in the same way as Open area; however, the obstacles
here refer to buildings.

3.2.2. Intrinsic feature
Intrinsic features refer to the features extracted from the building itself, that is, the
footprint. Some important intrinsic features are as follows:
Distance to centroid (*): It represents the Euclidean distance from a sample to the
centroid of the footprint.
Proportion (*): It measures how close a sample is to the midpoint of its master edge. It
is calculated by dividing the distance between the sample and the midpoint of its master
edge by the length of the master edge. The value ranges from 0 to 0.5.
Existence of axis: It indicates if a reflection symmetry axis exists, since not every
building is symmetric. For instance, the footprint in Figure 5(b) is reflection-symmetric,
and the axis is the perpendicular bisector of the master edge of the positive sample.
Distance to reflection symmetry axis (*): It represents the perpendicular distance
from a sample to the reflection symmetry axis of the footprint if the axis exists.
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At intersected edge of axis (*): It indicates if a sample is located at the edge that
intersects the axis of the building if the axis exists.
Length of master edge (*): It represents the length of the edge that contains the
sample.
Face inner(*): It indicates if the OPL of a sample intersects the other edges of the
building (except the master edge). Normally, the OPL of the entrance sample does not
intersect the edges of the footprint, such as the positive sample in Figure 5(b).
Concavity and convexity: It indicates if the master edge of a sample is concave (0),
convex(1), or neither (−1). An edge is defined as convex only when the inner angles of the
two endpoints of this edge approximate 90� while the two neighboring angles approx
imate 270� . In contrast, an edge is defined as concave only when the two angles of this
edge approximate 270� while the two neighboring angles approximate 90� . For instance,
the master edge of the positive sample in Figure 5(b) is concave.
Opposite shape: It indicates if the opposite edge of the master edge of the sample is
concave (0), convex(1), or neither (−1). The opposite edge is defined as the closest exterior
edge of a building which intersects the perpendicular bisector of the edge.
Note that for both intrinsic and extrinsic features, the star symbol (*) indicates that
apart from the absolute measurements, the sorting result of the measurement of a sample
among the total samples in the same building is also treated as a feature. It shows if one
sample is closer to some spatial contexts or more easily observed from some places than
other samples in the same building. Intuitively, the positive sample (entrance) is closer to
the centroid of a building than most of the negative samples. The sorting result of each
sample in a building, denoted by S ¼ fs1 ; s2 ; � � � sn g is normalized, denoted by
NS ¼ fsi =ngi2½1;n� . si denotes the sorting result of the i-th sample, ranging from 1 to n,
while n denotes the number of samples in a building. In this way, the value of a feature is
limited to 0 and 1, making it globally comparable.

3.3. Classification models for imbalanced data
As mentioned before, the positive samples are far fewer than the negative ones, which
causes imbalanced data issues (Sun et al. 2009). Common ways to deal with the issue
include oversampling the minority class, under-sampling the majority class, and giving
more weight to the minority class. This work adopts three different classification models:
SmoteBoost, Balanced Random Forest, and Weighted Random Forest, which are repre
sentative methods of the three strategies.
SmoteBoost: It was first proposed by Chawla et al. (2003) for countering imbalance in
a dataset and combines the Synthetic Minority Oversampling Technique (SMOTE) (Chawla
et al. 2002) Adaptive Boost (AdaBoost) (Schapire 2013). Specifically, before each boosting
step, a SMOTE resampling calculates new synthetic examples for the minority class. It is
then oversampled by taking each minority class samples and introducing synthetic
examples from the k minority class nearest neighbors. AdaBoost works to improve the
performance of weak learners (poor predictive models, but better than random guessing).
It builds a cumulative ensemble of weak learners by assigning a higher weight to samples
that the current weak learner misclassified during each iteration. This weight determines
the probability that the sample will appear in the training of the next weak learner. For
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this reason, boosting algorithms such as AdaBoost are particularly useful for class imbal
ance problems because a higher weight is given to the minority class at each successive
iteration as data from this class are often misclassified. More details on AdaBoost can be
found in (Chawla et al. 2003).
Balanced Random Forest: BRF is a variant of the random forest, under-sampling the
majority class in building each decision tree. The BRF algorithm consists of three steps: (1)
For each iteration (building a tree) in a random forest, draw a bootstrap sample from the
minority class and randomly draw the same number of samples, with replacements from
the majority class, (2) inducing a classification tree from the data to the maximum size
without pruning, and (3) repeating these two steps for the number of trees desired.
During the tagging stage, the predictions of all trees in the forest are aggregated to make
the final prediction. More details of the balanced random forest can be found in (Khalilia
et al. 2011).
Weighted Random Forest: WRF is another variant of random forest which follows the
idea of cost-sensitive learning. That is, a heavier penalty would be placed on the mis
classification of the minority class, by assigning the minority class a larger weight (i.e.,
higher misclassification cost). Class weights are used in two places in the RF algorithm. In
the tree induction procedure, class weights are used to weight the Gini criterion for
finding splits. In the terminal nodes of each tree, class weights are again taken into
consideration. The class prediction of each terminal node is determined by ‘weighted
majority vote.’ That is, the weighted vote of a class is the weight for that class times the
number of cases for that class at the terminal node. The final class prediction for RF is then
determined by aggregating the weighted vote from each tree, where the weights are
average weights in the terminal nodes. More details of the weighted random forest can be
found in (Effendy et al. 2014).

4. Experiments
4.1. Experimental setting
We collected 320 public buildings from seven German cities: Frankfurt (60), Mannheim
(28), Heidelberg (46), Karlsruhe (40), München (44), Stuttgart(38), Berlin (40), and Köln (24).
The digits in parentheses denote the number of buildings collected in the corresponding
city. The true main entrance of buildings is identified in three ways. (1) On OSM, some
buildings have been tagged with the main entrance or entrance,2 in which case, either the
main entrance or only the entrance node of the building is selected. (2) In some cases, the
main entrance can be manually identified from satellite images and Google Street View.
(3) The main entrance can be determined through a site-survey if the first two methods
fail. In the last two methods, prior knowledge about the entrance is used to differentiate
the main entrance and the ancillary entrance when more than one entrance is found. For
instance, the logo or information board of an institute normally appears around the main
entrance or is more prominent than at the ancillary entrance in size and shape. We use
IGIS.TK and its spatial data model to export the OSM data of the seven cities into the
SpatiaLite database, from which the corresponding OSM entities around a building are
retrieved (Noskov and Zipf 2018). Specifically, the OSM elements (i.e., node, way, and
relation) that are located in or intersect with the buffer of the building are retrieved from
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the database. The buffer takes the main entrance of the building as the center and 150 m
as the radius, which is large enough to contain the associated contexts of the building
entrance. A larger buffer, however, might cause a high computational cost because many
more contexts would be analyzed. The corresponding SQL script is as ’SELECT elements.id,
AsGeoJson(Transform(geom,32,630)),keys.txt, vals.txt FROM elements JOIN tags ON elements.
id = tags.id JOIN keys ON tags.key = keys.rowid join vals on tags.val = vals.rowid WHERE
MbrIntersects(Transform(Buffer [Transform(MakePoint(8.3728, 49.0159, 4326), 32,630), 150),
4326),elements.geom)’. (8.372814, 49.015944) represents the latitude and longitude coor
dinates of the main entrance of a building. Based on the retrieved results, the required
OSM entities and spatial contexts of a building can then be extracted.
Furthermore, we analyze the distribution of the perimeter, area, and number of edges
of the total buildings, as shown in Figure 7. The x-axis denotes the count of the range of
attributes. In each range, the open parenthesis means the start of the range is exclusive,
and the close bracket means the end of the range is inclusive. Thus, (0,2129] in Figure 7(a)

(a) distribution of area

(b) distribution of perimeter

(c) distribution of edge number

Figure 7. Distribution of area, perimeter, and edge number of test buildings.
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denotes a building whose area is larger than 0 and smaller than or equal to 2129 square
meters. We can observe that the shape and size of the buildings vary greatly. Then, the
spatial contexts of the buildings and the symmetric buildings (along the axis) are ana
lyzed, and the occurrence frequencies of different spatial contexts and the symmetric
building are shown in Figure 8. We can see that the missing data issue is quite serious with
only the frequency of the main road, service way, and address street over 0.7, making the
classification task much more challenging. To determine which feature is important in
recognizing the main entrance, we measured the importance of each feature (84 in total)
by calculating how much the accuracy decreases when the feature is excluded in the
random forest. The top 20 most significant features were picked out, and their normalized
weights are shown in Figure 9. ‘centroid_sort,’ ‘proportion,’ ‘to_centroid,’ ‘main_dis_sort,’
‘b_oa,’ ‘service_dis_sort,’ ‘service_ratio,’ ‘oa_sort,’ ‘oa,’ ‘address_dis_sort,’ ‘b_oa_sort,’
‘main_ratio,’ ‘main_vis_sort,’ ‘main_vis,’ ‘service_vis,’ ‘service_dis,’ ‘main_dis,’ ‘service_
vis_sort,’ ‘address_ratio,’ and ‘oppo_shape’ denote the sort of distance to centroid,
proportion, distance to centroid, sort of shortest path distance to main road, distance
to nearest building, sort of shortest path distance to service ways, turning degree of
shortest path distance to service ways, sort of open area, open area, sort of shortest
path distance to address street, sort of distance to nearest building, turning degree of
shortest path distance to main road, sort of visibility degree from main road, visibility
degree from main road, visibility degree from service way, shortest path distance to
service way, shortest path distance to main road, sort of visibility degree from service
way, sort of turning degree of shortest path distance to address street, and opposite
shape, respectively. These play the most significant role in identifying the location of the
main entrance. The axis-related features are not ranked among the top 20, as we
expected, because only a small proportion of buildings are symmetric.

Figure 8. Occurrence frequency of spatial contexts and symmetric buildings in test buildings.
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Figure 9. Importance of top 20 features.

4.2. Tagging accuracy
In this experiment, we compared the three classification models for the imbalanced class issue
and the general random forest model. A few important parameters need to be set for our
proposed solutions to achieve optimal performance. Specifically, the physical distance thresh
old (PT ) and the feature distance threshold (FT ) that are used to select the ‘strong’ negative
samples are set to 24 (m) and 0.04, respectively. For the WRF approach, the important
parameters include the number of trees (wt ), the maximum depth of the tree (wd ), and the
weight of the minority class compared to the majority class (ww ), which are set to 80, 12, and
160 (160:1), respectively. For the BRF approach, the key parameters include the number of
trees (bt ) and the maximum depth of the tree (bd ), which are set to 140 and 14, respectively.
For the SmoteBoost approach, the key parameters include the number of new synthetic
samples per boosting step (ss ), the maximum number of estimators (se ) at which boosting is
terminated, and the number of close neighbors that are used to generate new samples for
a minority class sample (sn ), which are set to 130, 90, and 4, respectively. For the general RF
approach, the important parameters include the number of trees (rt ) and the maximum depth
of the trees (rd ), which are set to 110 and 14, respectively. These approaches are implemented
based on a scikit and the imbalanced-learn package of Python.
Five-fold cross-validation is used to evaluate the approaches based on 320 public
buildings. That is, the 320 buildings were divided into five test groups, each containing 64
buildings. In each test group, the 64 buildings were treated as the test set, and the
remaining 256 buildings were treated as the training set, in which the location of the
main entrances was known. We measured the deviation between the true entrance and
the estimated entrance in two ways. The first is to measure the shortest linear distance
between them along the perimeter of a building polygon. The second is to measure the
shortest path distance from the estimated entrance to the true entrance. Note that because
of the existence of obstacles such as barriers and buildings, the path distance between two
locations might be much larger than their linear distance, as shown in Figure 10.
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Figure 10. Two kinds of distance errors. In the left figure, the path distance is smaller than the linear
distance. In the right figure, the path distance is much larger than linear distance due to the
obstruction of buildings.

In Appendix B, we present the tagging results of partial testing buildings using the four
models. In the figures, the red square denotes the position of the true entrance, while the
brown upper-pointing triangle, yellow star, light blue diamond, and blue right-pointing
triangle denote the estimated position of the entrance by WRF, BRF, RF, and SmoteBoost,
respectively. The complete data set, Python code, and tagging results have been
uploaded online. Figure 11 shows the cumulative distribution function (CDF) of the linear
distance error of the five test groups. We can see that WRF and BRF achieve the best
tagging results, with an average error of approximately 21 m. 30% of the buildings were
correctly tagged with the linear distance error at 0 m, and in 80% of the cases, the distance
error was below 30 m. For SmoteBoost and general random forest approaches, the mean

Figure 11. CDF of linear distance error of four classification models.
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error is approximately 35 m. BRF and WRF can better address the imbalanced class issue
than the SmoteBoost and RF approaches in this context.
However, the linear distance error between the estimated and the true entrance does
not reflect the actual walking distance from the estimated entrance to the true entrance
due to the existence of obstacles, including buildings and barriers (e.g., fence), as shown
in Figure 10. Therefore, we further calculated the shortest path between the estimated
and true entrance for the five test groups. If the true entrance is unreachable from the
estimated entrance, the shortest path distance is set to 1000 m. Figure 12 shows the CDF
of the path distance error of the four approaches. We can see that BRF and WRF still
achieve a promising result, with a mean error of 22 m, and in 80% of the cases, the path
distance error is below 30 m. However, for SmoteBoost and the general RF approaches,
the path distance error becomes larger at 38 and 46 m, respectively, compared to their
linear distance errors. We believe that a distance deviation of approximately 30 m would
not cause the failure of finding the true entrance because humans have powerful spatial
cognition capability (Foo et al. 2005). For instance, pedestrians can easily find the entrance
when they follow the route to the estimated entrance if the true entrance is not far away.
Furthermore, we analyzed the test buildings whose linear distance error was over 60 m,
and found that three main factors caused a large tagging error. The first is inaccurate or
incomplete OSM data. For instance, the building in Figures (k) and (u) of Appendix B has
a tagging error of over 60 m. A fence in front of the estimated entrance location of Figure (k)
by WRF is missing on OSM, leading to the estimated entrance easily accessed from roads.
Likewise, a deep hole in front of the estimated entrance location of Figure (u) is missing on
the OSM. The second reason is that the ancillary entrance sometimes shows similar patterns
to the main entrance such that the model misclassifies the ancillary entrance as the main
entrance, as shown in Figures (s) and (ad) of Appendix B, where the location estimated by
the WRF is close to the ancillary entrance. Third, there are always a number of exceptional
buildings that do not follow the general layout principles of the main entrance.

Figure 12. CDF of path distance error of four classification models.
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Finally, we ranked the positive probability assigned to the true entrance sample among
the total samples in a building. The ranking results are grouped into two types. The first is
the absolute ranking result among all the samples with values ranging from 1 to N, where
N represents the number of samples in a building. Figure 13 shows the CDF of the
absolute ranking result achieved by the four approaches. BRF is shown to have performed
the best in 55% of the cases, the true positive sample is ranked among the top 4. In 75% of
the cases, it is ranked among the top 10. The second is the relative ranking result, which
considers the varying number of samples in the test buildings. It is calculated by dividing
the absolute ranking result by the total number of samples in the corresponding building,
limiting the value in the range of zero to one. Figure 14 shows the CDF of the relative
ranking results achieved by the four approaches. Likewise, BRF performs the best. In 50%
of the cases, the true entrance sample is ranked among the top 2%. In 74% of the cases, it
is ranked among the top 10%. The ranking results appear promising, which proves that
the trained models (i.e., BRF and WRF) are robust and effective.

Figure 13. CDF of absolute ranking result of estimated positive probability of true entrance by four
classification models.

Figure 14. CDF of relative ranking result of estimated positive probability of true entrance by four
classification models.
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The general RF algorithm mainly learns the patterns of the negative samples and classify
nearly all the samples as negative, because the negative ones are much more numerous than
the positive ones. This fails to take in account the positive samples, and therefore, achieves the
worst tagging accuracy. The SmoteBoost approach uses the neighboring positive samples to
synthesize new positive samples to maintain the balance between the positive and negative
samples. This can mitigate the imbalance issue to a certain degree. However, the synthesized
positive samples normally contain noise, which would decrease the final tagging accuracy.
BRF under-samples the negative samples while WRF gives the minor class more weight in
classification. Both can address the imbalance issue without introducing noisy samples.
Therefore, they achieve better tagging performance than SmoteBoost and RF.
We also analyzed the correlation between the linear distance error of the test buildings
by WRF and the perimeters of the buildings. The result is shown in Figure 15, from which
we can observe that there exists no correlation between the liner distance error and the
building perimeters. The distance error of large buildings could be small, and that of small
buildings could be large.

4.3. Impact of key parameters on F1 score and tagging error
The impact of the key parameters of the four classification algorithms on the F1 score was
first analyzed, as shown in Figure 16. The F1 score is calculated by counting the total true
positives, false negatives, and false positives, and ignoring the imbalance issue. From the
figure, we can see that on average, RF achieves a higher F1 score than the other three
algorithms. The model classifies most of the examples as negative to achieve the highest
classification accuracy, which leads to a high F1 score. The tree number (rt ) and the
maximum depth of the tree (rd ) have a small impact on the F1 score because the
imbalance issue remains. For the SmoteBoost approach, se was set to 210. A downward
trend can be observed as the increase in the number of generated samples per positive
sample (ss ). As the number of positive samples is approximately equal to that of negative
samples, the model would classify more samples as positive. This leads to a decrease in

Figure 15. Correlation between building perimeter and linear distance error by WRF.
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Figure 16. Impact of key parameters on F1 score of different models.

the F1 score because the negative samples in the dataset are far more numerous than the
positive samples. For the WRF approach, wt was set to 70. Likewise, the F1 score shows
a substantial downward trend with an increase in weight (ww ), because more negative
samples are classified as positive. For the BRF approach, the negative samples are under
sampled. Thus, equal weight is assigned to the negative and positive samples, which leads
to a lower F1 score compared to those of the SmoteBoost and RF algorithms. The F1 score
increases and remains stable when the tree number (bt ) and maximum tree depth (bd ) are
over 100 and 8, respectively. In conclusion, it is difficult to evaluate the performance of the
classification models through the F1 score when the class is highly imbalanced, especially
in this case, where only the relative probability matters.
Then, the impact of the key parameters of the four classification algorithms on the linear
distance error was analyzed, as shown in Figure 17. In general, WRF and BRF achieve lower
tagging errors than RF and Smoteboost algorithms. For the WRF approach, wt was set to 70.
With an increase in the weight (ww ), the tagging error decreases and remains stable when it is
over 100. A larger weight assigned to the positive samples can make the model pay more
attention to the positive samples. Similarly, the tagging error decreases with an increase in the
maximum tree depth (wd ) and remains stable when it is over 9. The deeper the tree, the
greater number of features can be utilized. The BRF approach achieves a similar tagging
performance to WRF, and the change in the tree number and maximum depth does not affect
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Figure 17. Impact of key parameters on liner distance error of different models.

the tagging error dramatically, although a slight downward trend can be observed as the tree
number increases. Compared to BRF, the RF approach is dramatically affected by the tree
number and maximum depth. The tagging error decreases as rd increases and remains stable
when the value is greater than 7. For the Smoteboost, se is set to 210. No stable trend can be
observed from the result of the Smoteboost algorithm with the change of ss and sn . This is
primarily because the synthesizing process can mitigate the imbalance issue but can also
introduce incorrect positive samples to the training set.

5. Discussions
Contributions: This study makes two significant contributions to the research. First, we
proposed a general and broadly applicable main entrance tagging approach that uses
only OSM data, as it is freely accessible and geometrically reliable for significant parts of
the world. The experimental results revealed that the automatically tagged main entrance
can save pedestrians’ way-finding efforts. Second, we discovered a strong association
between spatial elements (i.e., the association between entrances and building footprints)
and proved the feasibility of inferring the missing spatial elements based only on the
available geospatial information on OSM. As we know, OSM suffers from data quality
issues, such as incompleteness. The findings of this study created new ways of enriching
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OSM data. That is, we adopted a similar approach for inferring the other missing spatial
elements on OSM. For instance, given the geometric and topology of rooms in a research
building on OSM, their usage (e.g., office or lab) can be inferred.
Main entrance assumption: One of the assumptions of the proposed solution is that
there is only one main entrance in a public building. We made this assumption for two
reasons. First, in most cases, this assumption holds. Second, it is challenging to detect
a variable number of main entrances in a public building if we are uncertain how many
main entrances exist. However, when collecting the test buildings, we also found that
a public building could be comprised of multiple departments, each having one house
number and one main entrance. Such buildings are beyond the scope of this study. This
will be addressed in future work by considering the house number tagged on OSM since
each house number corresponds to a main entrance. That is, multiple main entrances can
be identified from a building if the tagged location of the house number is known.
Fusion of OSM and satellite imagery: As we have mentioned in the experimental
section, the tagging error is often caused by missing or incomplete data in OSM. This
greatly reduces the applicability and robustness of the proposed solution. To mitigate this
issue, in the future, we plan to use satellite imagery (e.g., from the Bing map) to provide
more cues about the possible locations of main entrances. For instance, in Figure 18, the
open space is in front of the main entrance, which can be identified from satellite imagery.
However, by using only the data from the OSM, a large tagging error was produced, as
shown in Figure (v) of Appendix B. One of the cues of the impossible entrance position is
the green space, as shown in Figure 19, which can be observed from the satellite imagery.
However, with only the OSM data, the estimated entrance by the BRF is located in the
green space, as shown in Figure (ab) of Appendix B. A possible solution to this issue would
combine the manually defined features extracted from the OSM and the features

Figure 18. Blue square indicates an open space where the main entrance is located.
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Figure 19. Yellow square denotes a green space where the main entrance is not likely to be located.

automatically learned from the satellite imagery with deep learning in an integrated
model. The other reason that satellite imagery should be introduced is that in certain
countries, such as China, the OSM data is poor due to coarse road networks and provides
little information on buildings except for the footprint and name. In this case, satellite
imagery can play a dominant role in predicting the building entrance.
Variation of building style in time and space: We tested our approaches on build
ings in Germany. Buildings from other countries were not considered, such as those in
Asian counties where the building styles might differ, and the entrance location might
vary dramatically. Therefore, we cannot guarantee that the trained model can be applied
to public buildings in other countries. Nonetheless, a local model for a certain country
such as Germany is still useful, considering the large number of buildings in Germany. To
achieve a globally applicable model, the spatial location properties (e.g., country and
continent) of buildings could be added to the feature set, and the buildings across
different countries and continents are trained together. By doing so, the trained model
can adapt to changes in the spatial location. In this study, the construction time of the
buildings was ignored. However, it can also be introduced to make the model more
general, which can accurately predict the main entrance of buildings across both space
and time, given abundant annotated data.

6. Conclusion
To mitigate the misleading and inaccurate navigation issues caused by the missing main
entrances of public buildings on current map providers (e.g., Google Maps and OSM), we
proposed a broadly applicable main entrance tagging approach based only on the
association between spatial elements extracted from OSM. Three classification algorithms
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have been applied to model the association relationship and address the imbalanced
class issue, namely WRF, BRF, and SmoteBoost. Experimental results show that WRF and
BRF have a low tagging error in both linear distance and shortest path distance errors,
which we believe can greatly save pedestrians’ effort in finding the main entrance. We
also found that the most frequent tagging error is normally caused by inaccurate and
incomplete OSM data. Realizing this, we will investigate the possibility of automatically
reporting erroneous data on OSM based on the tagged entrance. In future works, we plan
to combine the satellite imagery and available trajectories of pedestrians and vehicles to
provide further evidence of the possible location of the main entrance to mitigate the
large tagging error and to overcome the poor OSM data challenge faced in some
countries. Finally, public buildings across Europe will be collected and tested to fully
evaluate the generalization ability of the proposed approach.

Notes
1. Definition of public buildings on OSM https://wiki.openstreetmap.org/wiki/Tag:building%
3Dpublic.
2. Entrance on OSM https://wiki.openstreetmap.org/wiki/Key:entrance.
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Appendix A. Examples of misleading routing services by Google Maps

Figure A1. Three examples (i.e., (a), (b), (c)) of misleading navigation by Google Maps due to missing of
entrance information. The extra distances to main entrance are measured in meters. The planned
destination by Google Map is often on the nearby road of the building (i.e., (a), (c)), which is far away
from the main entrance of building.
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Appendix B. Partial tagging results

Figure B1. Tagging result of partial test buildings.
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Figure B1. (Continued).
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