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A B S T R A C T

During an emergency inside large buildings such as hospitals and shopping malls, the availability of up-to-date
information is critical. One common source of information is the 2D layout of buildings and emergency exits. For
most buildings, this information is represented as tangled floor plans, which in most cases are outdated. One
solution to update the data of buildings after each renovation is to recreate 3D models of buildings in a quick and
automatic approach. These 3D models provide proactively crucial building information in a digital format for
first responders to be used in emergency cases. Thanks to advances in remote sensing, laser scanners can be used
to generate an accurate spatial representation of buildings quickly. However, such devices provide point clouds,
which are unstructured data. In this paper, we introduce a complete workflow that allows to generate 3D models
from point clouds of buildings and extract fine-grained indoor navigation networks from those models, to
support advanced path planning for disaster management and navigation of different types of agents. The
process extracts structural elements of buildings such as walls, slabs, ceiling and openings, and reconstruct their
volumetric shapes. Additionally, the furnishing elements in the input point clouds are identified and re-
constructed as the obstacles. Stairs are also reconstructed to allow multistory navigation path planning. Our
algorithm is fully 3D and can handle vertical and slanted structures. We test it on several real datasets, compared
it to the state-of-the-art approaches and provide a process to check the consistency of the reconstruction, which
allows in return to further improve its result.

1. Introduction

Monitoring the changes of buildings after each renovation and au-
diting the compliance of the changes according to the safety standards
is a known problem. For most new buildings, Building Information
Models (BIM) are available at the start of the construction, but these
models are no longer current after building renovation. Keeping the
data of the building up-to-date and checking it against the safety reg-
ulations is problematic, although it is critical to support rapid inter-
vention in situation of emergency. Indeed, information about building
layouts and indoor objects occupancy is a game-changing support to
efficient and safer emergency response in disaster management. Mobile
laser scanning (MLS) systems provide such a possibility when their data
is post-processed using a smart and fast workflow.

Recently significant improvements have been made in indoor mo-
bile laser scanning systems [1]. Using a mobile mapping system, it is
possible to scan a large multistory building up to 100 rooms in one day.

However, processing the large data produced by an MLS system to re-
construct a 3D model is not a trivial task and needs sophisticated
software and expert knowledge. In this article, we present an automatic
approach which enables us to produce a coarse 3D model of buildings in
a short time. Such models can be further improved and enriched by user
interactions to keep the data of large buildings up to date. Safety au-
thorities can use these models to see if the renovated buildings comply
with the safety regulations. Moreover, the produced models can be used
to support advanced processes such as fine-grained indoor path plan-
ning to facilitate efficient emergency response.

The problem of creating a 3D model from cluttered point clouds
attracted many researchers in different domains such as robotics, ar-
chitecture, engineering and construction. The fact that buildings have
varying and complex structures makes the problem challenging.
Training computers to learn all types of building structures looks like an
unfeasible task. During the last years, researchers developed algorithms
that work for less complex buildings or buildings with a regular layout
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or that only create a 2.5D model [2–5]. Most of the 3D reconstructed
models in the literature reflect simple room segmentation (space sub-
division) and a clutter-free environment [2,3] or they rely on having
the scanner positions per room [6,7]. In contrast, when a mobile laser
scanner is used for data acquisition, the perception of the space is
continuous and there is no separate scanning per room. Moreover, the
presence of furniture causes occlusion problems, which makes the
process of model reconstruction and room separation more challenging.
Additionally, slanted walls, ramps and non-horizontal ceiling are other
challenges that in most reconstructed indoor models are not addressed.

In our approach, we first detect the permanent structures such as
walls, floors and ceilings adapting the method presented in [8]. With
further automatic processing such as undershoot correction, the con-
nection of walls to each other and the ceiling and floor is guaranteed.
Volumetric walls are reconstructed by detecting the parallel faces of a
wall and merging them into one wall object which is represented by a
parametric minimum rectangle. The room segmentation method is based
on the correct reconstruction of walls and enclosure of the space in an
early stage. We proceed to regularized Boolean operations [9] on the
reconstructed permanent structures to reconstruct the room volumes.

Openings are crucial items during a disaster as well as for safety
regulations. Doors which are crossed by the trajectory of the mobile
laser scanner are detected and added to the model. The combination of
all the reconstructed features in addition to their semantic information
allows us to apply the flexible space subdivision (FSS) [10], which is a
3D navigation framework that subdivides the indoor space into occu-
pied, functional and navigable spaces. However, in this work, we do not
try to enrich the spaces with more semantics, such as room functions,
automatically. Furthermore, the automatic detection of furniture type is
out of the scope of our work. Some of the large pieces of furniture are
selected using a connected component algorithm and an oriented
bounding box is generated to present a clearance around the furniture
as obstacles. To extract free space in 3D, some floating objects such as
lamps are also included. Staircases are another essential element in our
3D models to test the room's connectivity on separate floors. Detecting
and modeling stairs or staircases is a complex task because stairs can
have versatile structure (e.g., with walls, metal bars or glasses). In our
workflow, we explain how first to identify stair ramps and then detect
individual steps. Finally, with several constraints, the consistency of the
3D model is evaluated. The navigation graph is generated between a
pair of spaces to control the connectivity of all spaces, including doors
and stairs. The final navigation graph demonstrates a connectivity
network and does not show a turn by turn graph as generating a de-
tailed graph is not the focus of our work.

Our pipeline is a combination of algorithms from generating a 3D
model from point clouds of multistory buildings to presenting a flexible
space subdivision for dynamic navigation. This work goes beyond the
simple assumption of a Manhattan-World, vertical walls and a clutter-
free environment. Modeling stairs, ramps and slanted ceilings are all
integrated into our reconstruction workflow. In contrast to most of the
indoor navigation work, which is based on synthetic models, our
methods are tested on real complex use cases. Moreover, a consistency
control method is applied to check the model correctness against sev-
eral constraints. The results show that scanning a building with a mo-
bile laser scanner and using our pipeline enables the rapid generation of
a coarse 3D model, including spaces for first responders.

The contribution of our work is as follows:

1. A pipeline for 3D reconstruction from point clouds of complex
multistory buildings including stairs, ramps and furniture is pre-
sented. Reconstruction of non-horizontal floors, ceilings and slanted
walls is explained and tested.

2. The pipeline reconstructs both volumetric walls and rooms poly-
hedra from point clouds.

3. Furniture is included in the subdivision pipeline to demonstrate
realistic navigation scenarios in multistory buildings.

4. Several heuristic rules are implemented to check the consistency of
generated models.

The remainder of this article is organized as follows: Section 2 de-
scribes related work, Section 3 gives an overview of the pipeline.
Section 4 explains the methodology for 3D reconstruction from point
clouds, and Section 5 discusses the flexible space subdivision. In Section
6, a consistency control of the 3D model is discussed. In Section 7, our
methods are tested on real data and the results are discussed. Section 8
is the future work and the conclusion.

2. Related work

The topic of indoor 3D reconstruction from point clouds, depth
camera images (RGBD) have been studied from different aspects and
applications. For example, in the robotic domain, the navigation and
interaction of robots with the indoor environment is the goal [11].
Problems such as scene understanding, object detection and localization
of robots are investigated by the researchers [11–16]. Using images for
indoor scene interpretation, façade reconstruction and modeling floor
plans are investigated by many researchers [17–20]. Another upcoming
research is change detection in the permanent structures during dif-
ferent epochs of the renovation for example for indoor 3D cadaster
applications [21,22]. Besides, the significant progress in wearable
mobile laser scanners (WMLS) and indoor mobile mapping systems
(IMMS) provides a fast-growing source of data for researches in the
domain of indoor modeling [23–25].

Reconstruction of walls is an important step to create a correct 3D
model. A wall representation in the model depends on the application
of the model and 3D modeling standards such as IFC [26] and In-
doorGML [27] and those which are not following a specific standard
[4]. Volumetric representation and cellular representation of walls are
close to IFC and IndoorGML standards, respectively; and suitable for
scan-to-BIM applications. Studies which deal with building retrofitting
[7,28], indoor navigation [29,30] and automation in construction
[31–33] are cases based on IFC standards. In contrast, in some of the
literature, a piecewise-planar representation of the model generates
walls as planar objects [4,29,30,34] and rooms as the polyhedra. Ac-
cordingly, the method for room segmentation (also known as space
subdivision or space partitioning) would be different. If the application
of space is more important than surrounding elements, then a cell de-
composition approach or voxel-based method should be suitable for
applications such as indoor navigation [10,35] and perception of se-
mantic space for robots [15]. However, if the enclosing elements such
as the correct geometry of walls, doors and windows are the goal of a
3D model to be used in BIM software, then the process of reconstruction
should pay more attention in generating correct walls and details such
as windows [2,7,31].

In most of the literature, there are several main assumptions when
detecting and reconstructing the permanent structures. One general
assumption is based on vertical walls [28,32,36–38] and regular room
layout (Manhattan assumption) [2,23,32]. For the detection and the
reconstruction of the floor or ceiling, it is presumed that the height is
not changing [5,7]. There are few works which explore beyond the
Manhattan World assumptions [6] and deal with the 3D environment
with a high number of reflective surfaces [8,40].

Doors are essential for disaster management, indoor navigation and
checking the regulations for safety in a building. Detection of doors is
studied by [40–43] for 3D reconstruction and navigation. Experimen-
tally, identifying open doors in the data is less complex than closed
doors. Ray casting (also known as the occlusion reasoning) is one of the
solutions which is used by [7,41,44] to detect openings (windows and
doors). By this method, a ray is cast from the position of the laser
scanner to the surface where a door or opening can be identified. If the
ray intersects the surface and hits an object behind the surface, then the
intersection point on the surface is labeled as an opening pixel.
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However, the exact border of the opening remains unclear in ray
casting method depending on the resolution of data. To detect closed
doors, [43] uses images in combination with point clouds. In the ab-
sence of images and color for the data, an altered method is required to
identify closed doors. In a different approach, applicable for mobile
laser scanners, [40] and [45,46] use the trajectory of the mobile laser
scanner to find the points above the trajectory which represent the top
of the door and to locate the door frame. Using their method is possible
to identify closed and open doors which are crossed by the MLS tra-
jectory.

Stair modeling is another challenge in the reconstruction of a mul-
tistory building. Although less attention is devoted to the detection and
the modeling of stairs and their surroundings, they are considered a
complex but yet important structure of a building. Stairs can be mod-
eled using shape grammars since they have a regular structure [47,48].
Another approach is by fitting a slanted plane to the stair ramp and
finding the orientation and extension of the stairs [49]. A plane seg-
mentation method is used by [50] to model stairs for humanoid
climbing stairs. When using a wearable mobile laser scanner such as a
backpack, it is possible to use the trajectory to detect the stairs [8,51].
Other methods are developed for stair modeling, pathfinding and ro-
botics based on voxels, octree and histograms [52,53].

From navigation aspects, many works have been carried out on
presenting the conceptual models and standardization of navigation
[29,54]. Unfortunately, less attention is devoted to using cluttered data
in complex environment for indoor modeling. Most of the 3D models for
indoor navigation are simple and based on synthetic models [55] or
represent simple cases such as shortest path [56–58]. In a different
approach by [59], the access right is used for indoor navigation. This is
a new approach to design more flexible navigation routs. Similarly but
with a different approach, [10] introduces the flexible space subdivi-
sion (FSS) concept for dynamic use of the space and context-aware
pathfinding. Based on their method, space can have different functions
and based on each function, a navigation graph can be generated.

Consistency control of the 3D model after reconstruction is not in-
vestigated sufficiently in the literature. Just few researchers [60–62]
suggest methods such as using grammar to control the topology and
correctness of the generated model. The consistency of 3D city mod-
eling [60] can be applied for indoor modeling in some cases. In [62], a
probabilistic grammar is used to generate consistent semantic in-
formation of an indoor scene. A constrained grammar is suggested by
[61] for controlling the correctness of a model-driven model. However,
the authors do not use real data to demonstrate the robustness of their
method. Validating the 3D model from semantic and geometry aspects
is an important line of research that needs more attention in the future.

3. Overview

In this section, we give a general overview of the 3D reconstruction
pipeline and its application for emergency cases. Fig. 1 shows the
overview of steps (stairs modeling is not reflected and is explained in
detail in Section 4.5). To keep the overview short, important para-
meters are discussed in the methodology and at the end of the article in
Section 6.

Fig. 1 shows the main steps of the pipeline:

• Input point clouds and the trajectory (if available). The input data of
our pipeline is a point cloud collected by mobile laser scanning
(MLS) or terrestrial laser scanning systems (TLS). When the data is
collected by an MLS the trajectory of the system is required for some
of the algorithms (e.g. building levels separation and door detec-
tion). Each dataset is subsampled to reduce the number of points to
accelerate the processing time and for a smoother visualization. The
minimum point spacing of 0.05 is used in down sampling (Fig. 1a).

• The pipeline starts with separating the building levels and stairs.
Similar to [8], the trajectory is segmented to horizontal and sloped

segments, where each horizontal and sloped segment represents the
levels and stairs, respectively (Fig. 1b). Each segment in the tra-
jectory is used to cluster the associated point in the point cloud
belonging to the same level or to the staircase in case of sloped
segments, see Section 4.1 for more details.

• An adjacency graph is created based on the adjacency of planar
segments with the minimum supporting points of 500 where nodes
represent the segments (Fig. 1c). Analyzing the topology relation of
nodes in the graph using suggested heuristic rules result in labeled
segments to permanent structures (including wall, floor and ceiling)
and clutter containing unknown points and furniture (Fig. 1d).

• Parallel wall surfaces are recognized and merged into one segment
as a volumetric wall which is represented by a parametric rectangle.
Fig. 1e shows volumetric walls represented by boxes as solids. To
this end, the permanent structure of the building is reconstructed in
a 3D model showing the walls, floor and ceiling. However, for
emergency responses, the notion of rooms is required in addition to
knowledge about doors, obstacles and access to the stairs (Fig. 1e).

• We exploit the trajectory of the MLS device to detect the doors. A
method from [40] is adopted where the doors crossed by the tra-
jectory can be identified and a parametric door model with fixed
dimensions is added to the model (Fig. 1f).

• Section 5 is dealing with reconstructing the rooms' polyhedra from
permanent structures and when adding the furniture, extracting the
remaining spaces as navigable space. Rooms modeling is based on a
3D Boolean Operations on solids to extract the enclosed spaces en-
capsulated by permanent structures. Each permanent structure
(wall, floor and ceiling) is a solid which was reconstructed in Section
4. In Fig. 1, room extraction is applied in Fig. 1e and the result is
shown in Fig. 1g.

• Following reconstruction of the rooms, by including the bounding
box of furniture in the model, it is possible to apply the flexible
space subdivision [10] framework (FSS) and identify the object
spaces (O-Spaces), functional spaces (F-Spaces) and remaining
spaces (R-Space). Unlike [10] which uses simulated data to de-
monstrate the FSS for 3D indoor navigation, we use real data created
from point clouds reflecting the as-built situation of the buildings
(Fig. 1h).

• Finally, three heuristic rules are suggested to control the consistency
of the model for emergency applications. Based on those rules, every
room should have at least one door and every two spaces in the
model at different levels should be connected by a network in the
connectivity graph (Fig. 1i).

The results are evaluated on four datasets where the buildings have
complex structures including arbitrary room layout, non-horizontal
ceilings, ramps, and glass surfaces. The following sections discuss the
methods in detail.

4. 3D reconstruction of permanent structures, openings and stairs
from point clouds

Our pipeline starts with preparing the data for the detection of
permanent structures. Walls, floors and ceilings are the main focus of
the permanent structure detection algorithm. Later other important
objects such as doors, stairs and furniture will be automatically iden-
tified and included in the model. The data is mainly collected by MLS
devices, including pushing-cart and handheld systems. The trajectory of
the mobile laser scanner is a useful source to interpret the scene, for
example, for separating the levels of buildings in case of a multistory
building. The data preparation is mainly purging the noise caused by
the reflective surfaces, as explained in [40]. The process of classifica-
tion of point clouds to walls, floors and ceilings starts by a piecewise
planar segmentation and then creating an adjacency graph. A heuristic
method [8] is applied to analyze the adjacency graph to separate the
permanent structure from the clutter. Furniture is classified as the
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clutter in our pipeline. In the following, the methods are explained in
the details.

4.1. Separating the levels and stairs

Every level of a building is a horizontal space which is connected via
stairs to the other levels. In complex buildings, sometimes space is ex-
tended vertically to the other levels and in the architecture is referred to
as a Mezzanine. Therefore merely using a histogram generated from z-
axis [38,63] is not sufficient to separate the floors. Moreover, dis-
tributed points over the z-value in a sloped ceiling do not create a pick
in the z-histogram. Nikoohemat et al. [8] suggest using the MLS tra-
jectory to separate the point clouds associated to each level of the
trajectory because separating the trajectory of the MLS into the levels is
simpler than separating the point clouds. Their method is based on
using the trajectory and the timestamp attribute which is synchronized
with the timestamp in the point clouds. Obviously, this method can be
only used for mobile laser scanners because they have a trajectory and
the time attribute is available in both point clouds and the trajectory.
The trajectory is a separate point set representing the discrete positions
of the laser scanner during the data acquisition. By segmenting the
trajectory to separated levels and slopes (representing the stair's ramps)
the associated point cloud can be segmented as well using the time-
stamp for each segment of the trajectory. Segments in the trajectory
with slopes are selected to collect associated points with the stairs. After

separation of levels and stairs, each set is processed separately for de-
tection of permanent structures.

4.2. Detection of permanent structures

Permanent structures are walls, floor and ceilings. Intuitively, walls
are below the adjacent ceiling and above the adjacent floors. In contrast
to the other works that assume walls are vertical and ceilings and floors
are horizontal [4,28,39], we lift these constraints in our pipeline.
Moreover, any arbitrary wall structure can be used as input to the al-
gorithm and there is no need to align the data to the axis (non-Man-
hattan-World). The only assumption is the z-axis as the gravitational
axis.

4.2.1. Adjacency graph
To create an adjacency graph G (V, E), the point clouds are seg-

mented using a planar surface growing algorithm [64]. Each node (V)
in the graph is associated with a segment, and each edge (E) represents
two adjacent segments (Fig. 2). Two segments are adjacent if their
points are within a specific distance defined as the adjacency distance
(dadj). Then all the nodes in the graph are attributed to almost-vertical
and almost-horizontal based on the normal vector angle of their seg-
ments using a threshold of 45°. For example, the nodes which the dif-
ference between the normal vector angle of their segment and the po-
sitive direction of z-axis is< 45° are attributed as almost-horizontal.

(i) Navigation graph
creation

(section 5.4)
(g) Space reconstruction

(section 5.1)

(h) Navigable space
extraction

(section 5.2, 5.3)

(f) Door detection
(section 4.4)

(d) Segments classification
(section 4.2)

(e) Volumetric wall 
reconstruction
(section 4.3)

(c) Planar segmentation 
and adjacency graph

(section 4.2)

(b) Building levels
separation

(section 4.1)
(a) Point clouds

(section 4.1)

Fig. 1. Pipeline overview.
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Ramps and floors are almost-horizontal. Edges of the graph also are
attributed based on the type of adjacency which they represent. We
identified three types of adjacency: wall-wall, wall-floor and wall-ceiling.
An edge is wall-wall if both nodes are almost-vertical. An edge is wall-
floor if one node is almost-vertical and the other almost-horizontal; and
the center of the almost-vertical segment is higher than the center of the
almost-vertical segment. This implies that a wall-candidate should be
above the floor-candidate. The same applies to a wall-ceiling edge with
the difference that the segment of the almost-vertical (wall-candidate)
should be below the almost-horizontal (ceiling-candidate).

After creating the adjacency graph, we use several heuristic rules
according to [8] to label the nodes and their associated segments. Four
labels are considered for the nodes: walls, floors, ceilings and clutter. In
the adjacency graph, each node is examined one time and based on the
number of edges and their attributes; the node obtains a label. Rule 1
suggests that if a node has one or more than one wall-ceiling edge, then
it is a wall. Rule 2 and rule 3 suggest if a node has more than two wall-
ceiling or more than two wall-floor edges, then it is a ceiling or floor,
respectively. Clearly, a node with a floor or ceiling label should not
have any wall-wall edge. Some extra soft rules control the labeling
process to avoid false-positive detections. For example, almost-hor-
izontal segments which are labeled as a ceiling should not have> 90%
overlap with each other. This soft rule excludes some horizontal seg-
ments such as ventilation canals and shelves near the ceiling or tables
which are attached to walls to be classified as a permanent structure.
Moreover, the floor and ceiling nodes should have a distance of> 1.5
m. The label of each node is assigned to the associated points in the
segment. Consequently, the output of the adjacency graph is labeled
point clouds with four different classes as walls, floors, ceiling and
clutter. Note that creating the adjacency graph and exploiting it to
identify the permanent structures are not restricted to the assumption of
vertical walls or horizontal floor and ceiling. Slanted walls, ceilings and
ramps can be identified as well by analyzing the adjacency graph. For
example, in the TU Delft building (Fig. 3) part of the floor is lowered,
and it is connected with two ramps to other floors. Since the ramp is
classified as an almost-horizontal surface and is connected to other
floors, it can be classified and modeled as part of the floor. The next step
is generating the volumetric walls for a watertight 3D model.

4.2.2. Visual correction of segments
The labeled segments from the previous section need to be visually

inspected to avoid unexpected errors. For example, some of the clutter

attached to the ceiling could be misclassified as a wall. Similar to [6],
the visual inspection contains two main operations: 1. changing the
label of a misclassified segment, 2. extension of two segments to the
intersection of their planes in case of large data missing. The first cor-
rection is a semantic refinement and the second correction is a geo-
metry refinement. Since the segments are color-coded based on their
semantic label (Fig. 3b, green and blue), changing the class label is
quick and it takes several minutes for a dataset of 20 rooms. The ex-
tension correction is performed after the automatic undershoot cor-
rection (Section 4.2.3), where the gap between two segments is larger
than the extension threshold. This correction happens in rare cases
where part of the data is missing because of large occlusions or un-
reachable regions in the room (Fig. 3b, dashed circles).

4.2.3. Automatic undershoot correction
An undershoot error happens when two permanent structures are

not connected either because of the occlusion or missing data during
the scanning. These disjoint structures (segments) should be connected
to reconstruct a topologically correct 3D model (Fig. 3b, red circles).
Finding undershoots in the data is not simple and fixing them needs a
user interface and an expert user. Therefore, we find and fix under-
shoots automatically. First, for each segment, an oriented minimum
rectangle is generated and the best fitting plane of the segment is cal-
culated from the supporting points. For the automatic correction of
undershoots, all the rectangles are sorted by their area. Every two
nearby rectangles are intersected using their planes if the intersection
line is within a distance of the edges of each rectangle, then two rec-
tangles are extended to the intersection line (Fig. 3c). The extension
threshold (dext) should not be larger than a narrow hallway. Otherwise,
the walls on two sides of the hallway will be incorrectly extended. For
example, the corridor in Fig. 3 has a width of almost three meters and
the extension threshold is set to less than three meters. Consequently,
an extension operation is required in the location of dashed black cir-
cles in Fig. 3b. Experimentally, running the undershoot correction
process for each semantic class separately results in a better outcome.
We perform the algorithm first individually per class wall, floor and
ceiling, then between wall and ceiling, and wall and floor.

4.3. Reconstruction of volumetric walls

The goal of this section is to reconstruct volumetric walls from wall
segments. A volumetric wall is composed of smaller segments on both

Fig. 2. The process of identifying a permanent
structure. (a) Point clouds, (b) points segmented
using the surface growing algorithm, (c) intersection
between adjacent segments, (d) and (e) the adjacency
graph where edges are colored by three classes (wall,
floor and ceiling), (f) detected walls (blue) and floor
(yellow). For simplicity of the figure, an area with
minimal clutter is selected. The dataset is acquired by
NavVis Trolley system [65]. (For interpretation of the
references to color in this figure legend, the reader is
referred to the web version of this article.)
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sides of a wall and in this part of the pipeline the algorithm identifies
which segments belong to the same wall. In the previous step, wall
segments are corrected by automatic undershoot correction. A correct
3D model should have consistent room layout and topology, which
means there should not be a gap between rooms. In this step, we re-
construct the walls by detecting two parallel faces of a wall and merging
them into one volumetric wall. A volumetric wall is a parametric object
containing width, height, length, normal vector and center. The width re-
presents the thickness of the wall and the height and length define the
spatial extension of the wall. The normal vector and the center identify
the orientation and location of the wall. To reconstruct a volumetric
wall, every two rectangles are checked together. A new rectangle is
created from nearby parallel (d, θ) rectangles, where the d is the dis-
tance between two planes, calculated from the center of the smaller
segment to the plane of the larger segment, and the θ is the angle be-
tween normals (Fig. 4a and b). The parameters of the new rectangle
should be recalculated in a way that spatial extensions are extracted
from the larger face and the width is the distance between two parallel
faces (d). The normal vector and the center of the new rectangle are
obtained by computing the weighted average of the normal vectors and
of the centers of the two faces based on their area. Note that in practice
because of the clutter and the occlusion in the data, on each face of the
wall there could be more than one segment which should be merged
into one rectangle based on their proximity and co-planarity. Therefore,
one face of the wall can grow larger and other smaller co-planar faces
are merged into it and each time parameters are updated.

Façade walls and walls which are not accessible from both sides
(e.g., because of the occlusion) only have one face in the data. In such
cases the measured face is offset to the opposite direction of the normal,
assuming the normal vectors are flipped towards the position of the
laser scanner. The offset distance can be user-defined or can be ex-
tracted from the neighboring walls. The floor and ceiling are re-
constructed with a user-defined thickness. For multistory buildings, the
thickness of the ceiling of the lower level can be calculated from the
floor of the upper level. Volumetric reconstruction of walls, floors and
ceiling assures that no empty space is generated between the levels of a
building or the rooms of the same level.

4.4. Detection and addition of doors and furniture

Doors in our model are the openings which connect two spaces.
Since we use an MLS device to collect the data, at least one of the doors
of each visited room is crossed by the trajectory of the mobile laser
scanner. Crossing the door with the trajectory is exploited by [40] to
detect doors. This method can be specifically useful even if the door
appears as a closed-door in the data because a door can be closed before
or after scanning. However, their method is for the cases that walls are
unknown in the data and for detecting doors in the whole unlabeled
point clouds. Since the walls are known for us, we adapt their method
and intersect the detected walls with the trajectory to identify the ap-
proximate center of a door candidate. Before that, the trajectory should
be sorted by using the time attribute and be converted to line segments
by connecting the successive points (Fig. 5b). Note that the intersection
point necessarily is not in the center of the door, but it gives an esti-
mation of the door location. Obviously, doors which are not traversed
by the trajectory during the scanning, remain unidentified in our
method. Some researchers [40,41] use ray casting to detect openings,
but we limit the scope of our work to the doors crossed by the trajec-
tory, which is sufficient for navigation purposes. After detecting the
location of the door, an oriented bounding box aligned with the di-
rection of the wall is inserted in the model. The extension of the door
(height and width) is user defined and the thickness is inherited from
the wall thickness. Therefore, a double door and a single door are
modeled the same in our 3D model.

Including furniture in the model is useful for creating an insightful
space subdivision that considers potential obstacles. In case of emer-
gency, the auditing experts can evaluate if there is enough navigable
area in one space or whether the emergency exits are not occluded by
furniture. In our work, the furniture is classified as clutter in Section
4.2. We include the larger pieces of furniture by using a connected
component analysis (CCA). The CCA is established by considering two
points as connected if their distance is less than a threshold (10 cm) and
giving each connected component a unique id. Before starting with
CCA, the cluttered points in a neighborhood of the permanent structure
are removed to make a clearance between furniture and adjacent

Fig. 3. The process of visual and automatic im-
provements. (a) The top view of segmented point
clouds, (b) detected walls (orange), false-positive
walls (green) and missed walls (blue). During the
visual inspection, the labels are changed and large
data gaps are repaired by an extension operation
(dashed black circles). Red circles show the walls
which are not connected. (c) Automatic extension of
walls to the intersection of their planes repairs the
disjoint walls. The points for the floor are colored by
height. (For interpretation of the references to color
in this figure legend, the reader is referred to the web
version of this article.)

Fig. 4. Shows the process of generating volumetric
walls; (a) detected walls before the merging process.
(b) Two faces of walls are identified and merged into
one wall and the distance of the planes is stored as
the thickness of the wall. The small insets show the
top view of walls before and after the merging pro-
cess, (c) the generated volumetric walls. Notice the
curved wall is modeled as smaller rectangular faces.
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permanent structures. Then a connected component analysis is applied
to the remaining points. A maximum distance threshold of 10 cm be-
tween points is set for this analysis, noticing that this threshold should
be larger than the average point distance and smaller than the clearance
between furniture and the permanent structures. The components with
a larger number of points are chosen as the obstacles to be included in
the model. The reason that we make a selection is that there is a lot of
clutter near the ceiling or on the walls, such as pipes, small lamps,
shelves, curtains or noise from reflection, which make the space sub-
division cluttered. An oriented bounding box (OBB) is generated from
each object and included in the model representing the occupied space
with the furniture (Fig. 6).

4.5. Stairs modeling

Although the coarse location of staircases can be separated from the
rest of the point clouds, the number of steps and the exact model of the
stairs need to be reconstructed. Therefore, we develop a method using
the adjacency graph G (V, E) to detect the exact size and location of
stairs. Our method for stair modeling has two steps: 1. similar to [49] a

planar segmentation [66] is employed to search the ramp of the stairs
(Fig. 7b); 2. a fine planar segmentation is applied on the detected ramp
to identify planar segments representing each rise and tread in the stairs
(Fig. 7c). A planar segment is a valid staircase ramp if it inclines be-
tween 25 and 50° are respecting the xy-plane. For the planar segmen-
tation of the ramp a surface growing algorithm is applied with a point-
to-plane distance set to 20 cm. We choose a larger value for planar
segmentation for ramp detection to make sure points belonging to the
steps fall into the ramp segment. A minimum enclosing rectangle is
created for each valid ramp and the inliers (considering a buffer) would
be the points which will be processed in the second step (see Fig. 7b).
The risers and treads should be identified in this ramp. In the second
step, a surface growing segmentation with finer parameters (point-to-
plane distance = 5 cm) generates the segments which represent the
nodes (V) in the adjacency graph (see Fig. 7c). If two segments are
adjacent and create a perpendicular angle with a threshold of 10°, then
an edge (e ϵ E) connects two nodes. Smaller segments with fewer than n
supporting points (e.g., n = 500 points) are excluded from the graph.
On the stairs, there is clutter (e.g., people during the scanning), and
walls and bars are attached to the steps. Therefore, to extract the exact

Fig. 5. (a) Top view of wall segments and part of the trajectory. (b) The doors are detected with the intersection of the line segments of the trajectory and walls.

Fig. 6. (a) Including large pieces of furniture in the model and (b) creating an oriented bounding box (green boxes) for a flexible space subdivision. (For inter-
pretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 7. The process of detecting and mod-
eling stairs. (a) Segmented point clouds, (b)
detected stair ramp, and selection of inlier
points in the oriented minimum rectangle of
the ramp (the small inset), (c) and (d) a
constrained longest path graph showing the
correct steps, (e) the reconstructed model
with correct inclination and number of
steps.
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steps which form the stairs, the longest path is extracted from the un-
directed graph [67]. We start from a random node (v ϵ V) and find a
node (x ϵ V) with the longest distance from v using a breadth-first
search (BFS). The discovered node x is an end node in the graph. By
applying another breadth-first search from node x, the longest path in
the graph is identified (see Fig. 7d). Note that the edges are unweighted
and the graph should not have cycles. Nodes belonging to the longest
path represent the steps of the stairs. For each node, the corresponding
segment is selected, and a minimum enclosing rectangle is derived.
Since the shape and size of the segments are varied, the width and
length of a step are approximated from the majority of the rectangles.
Then all the rectangles are adjusted with the new width and length. To
extract the number of steps, as every step of stairs has two nodes in the
graph, one for the riser and one for the tread, the number of steps is the
round of n / 2 where n is the number of nodes in the longest path.
Eventually, vertical space is generated from the minimum rectangle of
the stairs, which represents the staircase space. This vertical space is a
virtual space that connects the levels in a building with an extension
from the floor of the lower level to the floor of the upper level. Note that
in most buildings, the surrounding walls of stairs are not connected to
the ceiling and sometimes they are made of metal bars or glass.
Therefore, we create this virtual space to subdivide the space of stairs
from other spaces for navigation purposes. Although, the stair modeling
method presented here has a similarity to [49] in defining the stair
ramp, it differs in finding stair steps implying that it does not need to
find 6 parameters for template matching as it can be challenging when
the stairs are cluttered. Additionally, in our method, we do not need to
find the correct azimuth of the stairs, because if the azimuth estimation
result in wrong reference point then detecting the steps is not possible.
This can happen when the steps are segmented with some attached
points to it (metal bars on the steps or connecting wall) or if people are
standing on the stairs.

5. Room reconstruction and flexible space subdivision

Having the permanent structures created in the previous step, now a
method is explained to generate enclosed spaces as polyhedra.
Remaining spaces in the presence of obstacles are generated as well, to
create more detailed spaces for disaster management cases. In the
context of disaster management, several aspects of indoor navigation
become critical. One of them is a good knowledge of the occupied/
unoccupied spaces and openings' configuration. The flexible space
subdivision (FSS) [10] is a framework aiming to provide a space par-
titioning that reflects the complexity of the indoor environment. The
approach produces three main subspaces: the occupied (O-Spaces), the
functional (F-Spaces) and the remaining free spaces (R-Spaces). These
latter allow describing the space complexity in terms of spatial occu-
pancy induced by the physical and functional characteristics of the
indoor objects. The FSS thereby provides a spatial model that supports
fine-grained indoor navigation and makes it possible to account for
advanced constraints during the navigation, while ensuring enough

granularity for describing precise localization.
In order to implement the FSS, one of the most critical features

needed is the explicit representation of the indoor spaces. Such features
can be generally obtained natively from BIM models such as IFC (e.g.,
the IfcSpace class) However, since we start from a point cloud, the in-
door spaces are not readily available in our workflow. Therefore, we
present a way to recover them. Similarly, other critical features to the
FSS, already identified in the previous steps, will also be considered,
such as the openings and obstacles.

5.1. Reconstructing the indoor spaces

The indoor space can be conceptually thought as the space that is
encapsulated by the permanent structures of a building (walls, floors,
ceilings, etc.). The features that we are explicitly representing corre-
spond to that description. Starting from the wall, floor and ceiling vo-
lumes, we reconstruct the volumes that could be described as the rooms
of the building. Our approach is to extract the closure of the model's
interior using regularized Boolean operations [9]. Such operations
produce uniquely closed volume and discard Boolean results of lower
dimension (faces, edges or points). In other words, the closed volumes
encapsulated by the inner parts of the structural elements are sought.
The process consists in successively uniting the volumes of the scene
(boxes of the walls, slabs, ceilings, etc.) so as to end up with either
several connected components corresponding to the enclosed volumes
and the shell of the whole input set, or simply one unique connected
component if there is no enclosed volume. Thus, only indoor spaces
with full closure can be reconstructed.

Fig. 8 shows an example of the resulting spaces from the room re-
construction process. After extracting the walls, slabs and ceilings in the
form of closed volumes from the point cloud, we have to ensure that
any of those elements have physical contact with its neighboring ele-
ments (Fig. 8a). Because Boolean operations are generally very sensitive
to precision issues, the intersections between the structures are ex-
aggerated to ensure the contact. This does not disrupt the generation of
the indoor spaces as it guarantees the formation of the space closure
where they should happen in the model (Fig. 8a). A limitation to this
approach is that spaces which are not entirely bounded by structural
elements will not be reconstructed. Furthermore, because our 3D
models are reconstructed from the point cloud, areas that are not
scanned may cause gaps that make it difficult to determine with cer-
tainty if there should be a closure or not, without prior knowledge of
the actual building.

The geometry of the volumes resulting from the process is similar to
those of the space features that can be found in BIM models, such as the
IfcSpace class in IFC. Such features do not purposely consider the indoor
obstacles but maintains a spatial link of containment with them. In our
case, as we rely on the FSS framework, we proceed to a further sub-
division of the space in order to explicitly distinguish between the free
and the occupied space.

Fig. 8. (a) Walls and the slab is forming the rooms of a building floor (the ceilings are hidden for the sake of clarity). (b) Reconstructed rooms are resulting from the
space closure of the structural elements.
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5.2. Identification of the occupied spaces (O-Spaces) and the remaining free
space (R-Spaces)

The indoor objects populating the space occupy a central role in the
FSS framework as they are critical to indoor navigation applications,
even more for emergency response. The point cloud which were clas-
sified as clutter during the modeling process are further classified to
furniture (e.g. tables, sofa, chairs) and clutter (e.g. objects on the wall
and ceiling, curtains, shelves), see Section 4.4, from which larger pieces
of furniture are selected and each is replaced by an oriented bounding
box. In fact, as explained in [10], accounting for the detailed geometry
of the furnishing elements would lead to error-prone Boolean opera-
tions and a too complex subspace geometry to work with, for a negli-
gible added value. Thus, the simplification of furniture into OBB fits the
purpose (see Section 4.4). Furthermore, the resulting simplified vo-
lumes correspond directly to the O-Spaces as defined in the FSS, and
spatially intersecting ones are aggregated into a single O-Space ac-
cordingly. Fig. 9a shows the O-Spaces contained in their respective
spaces.

Subtracting the O-Spaces from the initial indoor spaces leads to the
generation of the remaining non-occupied spaces (R-Spaces), which
represent the space where all types of navigation can potentially be
performed. Fig. 9b gives an illustration of the R-Spaces generated from
the spaces of Fig. 8, with a transparent view to make visible the parts of
the spaces that have been carved accordingly to the detected O-Spaces.
The carving operation is a Boolean difference between each room and
the O-Spaces that it contains. For this reason, similarly to the walls and
slabs, it is necessary to guarantee the spatial contact between the O-
Spaces and their containing rooms to avoid having them as flying ob-
jects, because this would lead to empty set results from the Boolean
operations.

5.3. Identification of the functional spaces (F-Spaces)

F-Spaces correspond to the spaces that are induced by the function
of an object. Considering such parameters during the navigation allows

taking into account the occupancy caused by the usage of indoor ob-
jects. From a more technical point of view, F-Spaces allows producing
proper position nodes for agents concerning the function of indoor
objects. For example, in a context of emergency response, F-Spaces of
objects such as extinguishers would allow navigating the agent up to
where the object would be accessible. Similarly, an F-Space of a highly
flammable object would stand as a space to avoid during the naviga-
tion. However, the semantic level of our model does not allow to get
enough information about the function of the furnishing elements. For
this reason, F-Spaces are limited to the doors in this paper.

From a navigation point of view, openings are transition spaces that
connect two spaces. For openings such as doors, their F-Spaces can be
seen as the space that is traversed when the door performs an opening
movement or simply the space required to access and interact with it
(open, close, hold, etc.). Therefore, a door has an F-Space in each part of
the free spaces that surround it (in other words, from both of its sides).
Fig. 10 shows how we extract the F-Spaces for door features. The ori-
ginal doors obtained from the point cloud reconstruction, although not
very precise, provide a good indication of the doors' location and size.
Thus, on that basis, we extrude them in both of their main sides to make
sure that we reach the indoor spaces surrounding them (see Fig. 10c).
Hence, we perform Boolean operations again to extract their intersec-
tion with the walls which correspond to the opening spaces (it can also
be seen as a better estimation of the actual doors, see Fig. 10b and d),
and their intersections with the R-Spaces which correspond to their F-
Spaces (see Fig. 10b and c).

5.4. Using the model to support indoor navigation

An indoor navigation system requires several components, among
which the most critical ones are a map combined with a spatial model
and a localization technology. The former provides a spatial description
of the environment that will be explored, and the latter allows to locate
and track the guided agent along the suggested paths. From the spatial
model, a navigation network (graph) is extracted that reflects the
connectivity of the spaces of the environment. Navigation and path

Fig. 9. (a) Obstacles identified as O-Spaces. (b) Non-occupied spaces identified as R-Spaces.

Fig. 10. Generation of the opening space and the
F-Spaces of doors. (a) Original doors (blue) from
the point cloud reconstruction intersecting with
the wall (light yellow). (b) F-Spaces (wireframe)
obtained by extruding the door volumes of the
size of door width from both sides and inter-
secting them with the surrounding rooms and
carving of the door spaces in walls. (c) Top view
of the resulting F-Spaces (gold-yellow). (d)
Opening spaces (orange) obtained as the inter-

section between the extruded doors and the wall which can be used as more accurate door volumes. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
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planning algorithms will, therefore, rely on that graph to compute the
paths that lead to a chosen destination from a chosen starting point,
based on specific constraints (shortest path, fastest path, etc.). The most
common principle used to generate navigation graph is the Poincaré
duality [68,69]. It consists in considering the 3D model as the primal
space and its graph as the dual space. An abstraction of volumes (3D)
into points (0D) (corresponding to the nodes of the graph) and any
adjacency relationship (2D) between two volumes into edge (1D) is
then performed. This implies that no overlap between spaces is allowed
in the primal space, because adjacency between two volumes must be a
shared surface. The primal space generally corresponds to the space
units where the navigation takes place. The graph (dual space) is
therefore generated by computing the centroids of the space units as the
nodes and the adjacency between the space units as edges connecting
the nodes. The duality theory does not constraint the nodes to be po-
sitioned in a specific way with respect to their corresponding volumes,
but in navigation that aspect matters due to the nodes related to posi-
tioning during navigation. Thus, the choice of the centroid is mostly
motivated by its assumed central position in the corresponding volume,
although this assumption does not hold anymore for non-convex vo-
lumes.

Most existing navigation systems rely on simplified networks to
provide navigation services, which means that in their primal space, the
space units are rooms. Thus, they generate a graph in which the nodes
are the centroid of rooms in the building and the edges symbolize their
connectivity. Simple topographic information of buildings (e.g., floor
plan) is used to determine, for example, which room is connected to
which corridor, etc. This then leads to a connectivity graph that pro-
vides minimal insight into the reality of the indoor environment. A
typical path resulting from such system would result in similar navi-
gation instructions: “To go to room D from room A, go to room B, then
corridor C and then get to room D.” Such guidance heavily assumes that
the agents are aware of what room A, B, C and D are, which is not a
reasonable assumption in the context of emergency response, where the
first responders may interact with the environment for the first time.

In contrast, fine-grained navigation networks provide more useful
insight into the indoor environment and better support for advanced
navigation systems [70]. The 3D models resulting from our re-
construction process, enriched with the FSS framework, are suitable for
supporting fine-grained indoor navigation because basic spaces (rooms)
are subdivided into O-Spaces, F-Spaces and R-Spaces. All those sub-
spaces are explicitly computed during the FSS, leading to a complex of
adjacent volumes rich of semantic and topological information (each
volume knows its adjacent neighbors). Then, following the Poincaré
duality theory, we compute the centroid of each navigable volume (F-
Spaces and R-Spaces) to obtain the nodes of our network. This is done
by simply averaging the coordinates of all the vertices that compose a
volume. A convex subdivision of the volumes is performed when ne-
cessary to ensure that their nodes are located inside them. Our network
is thereby composed of one node per convex subspace. This explains

why in Fig. 11b rooms containing objects are provided with more nodes
than empty room. Similarly, rooms with non-convex shapes are pro-
vided with as many nodes as their convex subdivision requires, while
simple networks produce only one node per room independently of
shape or occupancy. In comparison with [60] where a regular grid is
proposed instead, our approach allows optimizing the subdivision with
more nodes only where obstacles or objects of interest are located,
keeping the size of the minimum necessary size of the graph. Indeed,
our navigation networks, while providing all the possibilities of a basic
connectivity graph, also offer the accessible areas in 3D through the R-
Spaces. Furthermore, thanks to the available semantic information and
with the identification of the F-Spaces, it is possible to derive paths with
much more intelligence, considering the navigation context. For ex-
ample, one could extract a path that maximizes the free space (to ac-
count for the equipment of first responders) while crossing as many
extinguishers as possible on the way. This would simply require giving
more weight to the nodes of the large subspaces (based on threshold)
and those that are adjacent to an O-Space with extinguishers, in the
network.

Another advantage of the FSS as a fine-grained spatial model, in
comparison with other models, is the possibility to fully exploit the 3D
space and thereby enable the extraction of navigation graph for agents
with a different kind of mobility [10]. For example, a robot or a drone
could be considered as agents and all the spaces close to the ground or
the ceiling are then used to compute their dedicated paths. The sub-
spaces in Fig. 11 (right) result from the F-Spaces of openings and the R-
Spaces (which are the free spaces that exclude the indoor objects and
the F-Spaces). These latter are further subdivided into convex space
cells to ensure that their nodes in the network lay exclusively inside
their boundaries.

Having nodes exclusively on free spaces makes a critical difference
in terms of navigation, as illustrated in Fig. 12. Indeed, as the naviga-
tion network is the support for path computation, if it does not reflect
the indoor occupancy, the provided path may not be accessible to the
agent. The network in Fig. 12a provides positions that are unreachable
for an agent, as it is the place of O-Space. By relying on the FSS (mainly
the F-Spaces and the R-Spaces), the positions provided by the network
would guarantee unoccupied spaces (see Fig. 12b). In terms of path
planning, this means more reliable paths. Furthermore, when combined
with other spatial properties of the subspaces such as their size or vo-
lume, it becomes possible also to estimate the suitability of the path
regarding its accessibility and the navigation comfort it can provide to a
given agent. The usefulness of the F-Spaces of the openings appears
more when obstacles lie in front of openings (see Fig. 12c). Indeed, in
such case, the F-Space is truncated to reflect the occupancy. Such in-
formation can play a critical role in emergency response navigation, as
it may indicate that a room is blocked or hardly accessible, mainly with
equipment of important size.

Finally, because we could reconstruct the stairs and the space oc-
cupied by the staircases, we can generate a multistory navigation

Fig. 11. (a) Simple connectivity graph that simply connects the spaces through their shared doors. (b) FSS navigation network that uses F-Spaces and R-Spaces for a
finer description of the indoor space.
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network, which is a challenging task from point cloud [39]. Fig. 13
illustrates a navigation path generated between two spaces at different
levels of the building through the opening created in the slab of the
upper floor. The latter was made similarly as the doors, by carving a
hole using the staircase's space. The FSS can be similarly applied to the
model for a fine-grained multistory navigation network.

6. Consistency check of the model

As the last step of our pipeline, we verify the consistency of our
generated model against three defined heuristic constraints (C). The
accuracy of the model regarding the detected doors, stairs and re-
constructed spaces can be improved by this consistency check. The
focus of this check is the validation of generated spaces in terms of
navigation. The three constraints, which are checked on the data se-
quentially, are described as follows:

C1. Each room should have an area larger than A m2 and a volume
greater than V m3.
C2. Each room should be connected to at least one door.
C3. There should be a route connecting every pair of rooms in the
graph.

To verify C1, a 2D boundary projection on the xy-plane is generated
for each reconstructed space (see Section 4.1). The area of the room is
calculated and it should be larger than a threshold, its volume is also
checked against another given threshold. This is necessary because,
with the Boolean regularization approach, quasi-flat spaces can occur in
thin gaps left by structural elements. Thus, only relying on the surface
area would not allow invalidating such spaces. Once a room is vali-
dated, it passes for the next check. Otherwise, it should be flagged for
further control. Later on, flagged items are returned for visual inspec-
tion (Section 4.2.2) to see whether a wall is mislabeled in the process.
After correction, the pipeline is repeated to create a consistent model.

The constraint C2 checks if each room is connected to at least one
door. Otherwise, a missing door is flagged for the room. Although the
door detection algorithm could have missed more than one door per
room, a room without any door reflects necessarily a problem in the
reconstruction. This is also an obvious limitation for navigation pur-
poses. As illustrated in Fig. 14, by relying on the navigation graph, it is
straightforward to identify the problem, as it only requires detecting

rooms associated with isolated nodes. Similar to C1, spaces detected in
this checking are tagged for further improvement of the model re-
construction.

The third constraint C3 verifies the connectivity of two spaces. It
also relies on the navigation network and covers the cases that cannot
be detected with C2. We assume that every two spaces in a correct 3D
model should be reachable and connected through the navigation
graph. Therefore, the process checks the existence of a path between
every two rooms in the model. For example, if the connection of level n
through the reconstructed stairs to the level n + 1 is broken in part of
the 3D model, it is possible to identify the broken path and fix it by
generating a connectivity graph between two rooms in two different
levels. This typically happens when the number of steps in the stairs is
not reconstructed correctly and the stairs are not connected properly to
the floor of each level. Similarly, if two rooms on the same floor are not
connected, it can be because of a missing door or an invalid room.

7. Results and discussion

We conducted our experiments on different types of buildings that
go beyond the simple grid and regular structure. To demonstrate a full
3D reconstruction, the selected datasets cover a range of different cases
such as the non-Manhattan World structures, slanted walls and non-

Fig. 12. Some advantages of the FSS in the
navigation context. (a) A simple con-
nectivity network that does not consider the
space occupancy may provide position
nodes that are not reachable to an agent (O-
Spaces are wire-framed). (b) By relying on
the R-Spaces, the FSS network provides ex-
clusively position nodes where space is free
of obstacle (O-Spaces are wire-framed). (c)
The intersection between the O-Spaces (red)
and the F-Spaces of openings (wireframe)

indicates potential occlusion. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 13. Multistory navigation network. (a) The top view shows the slab of the upper floor and the simple network that links a room at the ground floor to a room on
the upper floor. (b) Front view of the generated multistory network with the highlighted origin and destination spaces.

Fig. 14. Illustration of the constraint C2. A room (emphasized in bold blue
lines) for which the node is connected to no other node of the graph char-
acterize a missing door. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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horizontal ceilings, ramps, large glass walls, multiple floors and ceilings
with different heights. To compare the robustness of our algorithm
regarding different laser scanning systems, the data sets are acquired by
various laser scanners and represent different ranges of noise (e) from
0.01 to 0.06 m (Table 1). All the datasets contain furniture and a high
level of clutter to evaluate the algorithms in terms of occlusion and
missing data problems. We tested our workflow on four datasets
(Table 1) and the results are represented in Fig. 15. The data of three
datasets is collected by mobile laser scanners and belongs to the project
Smart Indoor Models in 3D [71]. The Penthouse dataset is acquired by a
terrestrial laser scanner which belongs to the related work [6] and is
selected to test our algorithm on slanted walls and ceilings. For one of
the datasets (Fire-brigade 2), we use the professionally made BIM
model for the comparison. The noise in the datasets collected by a
mobile laser scanner varies between 4 and 6 cm. For pushing-cart
systems, the data is less noisy than handheld devices.

7.1. Comparison with IFC and related work

We compare our result with a professionally made IFC model for
Fire brigade building #2. The results show that 95% of the rooms are
reconstructed correctly. The precision and recall of the permanent
structure are 91% and 95%, respectively. The calculation of precision
and recall in Table 2 is based on comparing the labels per point which
are manually labeled with the labels which are predicted by the algo-
rithm. F1-score is a harmony of the correctness (precision) and com-
pleteness (recall) of values for each class. The room on the second floor
has a curved structure wherein our planar reconstruction algorithm is
reconstructed with smaller planar surfaces. The firetruck hall is ex-
tended from the first floor to the second floor and it shows that our
algorithm can reconstruct a fully 3D model of spaces which are ex-
tended vertically. The ramp of the stairs is correctly detected and a
staircase is reconstructed as a virtual space which connects the first
floor to the second floor and the ramp is used for navigation purposes.
Individual stairs are not reconstructed for this model because the stairs
are scanned with a pushing-cart system only from the lower and upper
floor which is not capable of scanning stairs consequently and ade-
quately the data for all steps is not available. 90% of the doors are
correctly detected and represented in Fig. 15 and Table 1. The trajec-
tory crosses most of the doors, just a few doors which are not inter-
sected by the trajectory during the scanning are not recognized by our
algorithm. One door is recognized as a false positive. The reason is a
false positive wall which is crossed by the trajectory. The corridor on
the second floor is separated into two spaces because of a false positive
wall (Fig. 15, upper row). The reason is that clutter in the ceiling was
identified as part of the wall and was extended to the neighbor walls
during the automatic extension process. Consequently, the corridor is
subdivided with this wall. The rest of the spaces is correctly re-
constructed. To see the spaces, refer to Fig. 15, fire brigade building #2.

The second dataset for comparison is selected from the related work
[6], which has a challenging structure with slanted walls, dormers,
chimney and built-in bookshelves. Because the data is collected with a
terrestrial laser scanner, the noise is less than 1 cm and the planar
segments are finer than segments in other datasets. This is important
when the algorithm generates the adjacency graph and later the
minimum rectangles. The results show that our algorithm successfully
reconstructs the dormers and slanted walls (Fig. 17). The walls belong
to the chimney are detected in our algorithm, but the chimney space is
not reconstructed as space because the walls are not connected to the
floor and it does not make an enclosure in the space (Fig. 18, left). Our
method reconstructs the green space in the left corner by estimating
part of the wall which can be detected near the ceiling. Also, the empty
space between the green room and the purple room is modeled differ-
ently from [6]in our model. The wall in the purple room is completely
occluded by the built-in bookshelves (Figs. 17 and 18b), while in [6] it
is modeled as occupied space, our interpretation is that part of the spaceTa
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is free space (such as balcony) and we modeled it as a free space be-
tween two rooms. A wall is added to enclose the space during the visual
inspection. Note that detection of the doors in datasets which are ac-
quired by TLS (Penthouse) is not part of this work. Therefore, the doors
in Penthouse dataset are not reconstructed.

7.2. Visual correction

A visual inspection is performed after the labeling of the permanent
structures. This mainly includes checking if some of the clutter near the
ceiling are classified as wall and change the label to clutter.
Additionally, if a space is not enclosed with walls because of large data
missing or the occlusion similar to the built-in shelves in penthouse
dataset (Fig. 18b), then a wall is added manually. In such cases, the
thickness and the orientation of the wall are inherited from the adjacent
walls. Additionally, our pipeline can export the volumetric walls and
spaces to the standard BIM software formats such as Wavefront format
(.obj) to import it into CAD software for further improvements, for

instance, for adding windows. We calculate the time and percentage of
operations for visual inspection for Fire brigade building #2 dataset. It
takes 5 min per floor (for a floor with almost 15 rooms) and< 6% of
the total number of segments are modified.

7.3. Navigation graph

The navigation graph in this work is a connectivity graph to show
the relation between 3D spaces, which are categorized into navigable
and non-navigable using the FSS framework. Showing a turn to turn
detailed graph is not our goal and it is addressed in many previous
works [54,58]. Our focus is showing the thorough process of sub-
dividing the space into more semantic divisions using a model re-
constructed from point clouds and considering obstacles and the full 3D
space for optimal routing of different kind of agents. Additionally, we
showed how the FSS-based navigation graph could improve the navi-
gation by revealing doors occluded by obstacles (see Section 4.4) and
also how it could help to improve the 3D model regarding the presence

Penthouse [6]
(TLS)

3D modelsPoint clouds

TU Delft Building
(ZebRevo MLS)

Fire brigade building #2
2 floors

(push-cart MLS)

Fire brigade building #1
2 floors

(Zeb1 MLS)

Fig. 15. 3D models of datasets in Table 1. The left column shows the point clouds, masked by the spaces from the model on the right for a better interpretation. The
right column shows the 3D models reconstructed with our pipeline (the colors are random). The datasets of Fire brigade #1 and #2 (3rd and 4th rows) are
representing two floors. The first dataset belongs to the related work [6] and demonstrates how our algorithm is capable of handling slanted walls and reconstruction
of dormers. For a clear visualization, volumetric walls and slabs are removed in the left images. The empty space between rooms on each floor is filled with
volumetric walls. For 3D models with walls refer to other images. (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)
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of the doors per space (see Section 5). If the connection between levels
or rooms is broken in the navigation graph, further inspection will be
performed.

7.4. Important parameters

Parameters are reported in Tables 3 and 4. The crucial parameters
for permanent structure detection belong to the surface growing and
adjacency graph, which are the point-to-plane distance and proximity,
respectively. The point-to-plane distance in surface growing segmen-
tation is chosen considering the noise of the sensor, MLS data acquisi-
tion noise and point density. For example, for handled scanners the
noise is higher than pushing-cart systems and similarly for pushing-cart
systems is higher than terrestrial scanners. For surface growing seg-
mentation a threshold of 8 to 10 cm is chosen for MLS devices and a
threshold of 4 cm for TLS devices (Penthouse dataset). The exact values
are reported in Table 4. The adjacency graph generates the best result

(a) BIM Model (b) Our Model

Fig. 16. Comparison of a professionally made BIM model (a) with our model (b). The lower row is the 1st floor and the top row is the 2nd floor. Doors are shown in
red. Most of the rooms are successfully constructed. The insets show the top view of the corridor, which is divided because of a false positive wall. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 2
The accuracy results for Fire brigade building #2. The results are calculated
based on point to point comparison of manually labeled points with automatic
classification.

Class of the permanent structure Precision Recall F1-score

Wall 0.90 0.96 0.93
Floor 0.98 1.0 0.99
Ceiling 0.88 1.0 0.94

Penthouse (TLS) Mura et al [6] Our model

Fig. 17. The comparison of our method with
the related work [6]. The point cloud on the
right is masked by the spaces from our model
for a better reference. The red and yellow
circles show the chimney and the built-in
bookshelves in Fig. 18. The chimney is not
reconstructed in our model, and the wall be-
hind the bookshelves is inserted manually.
(For interpretation of the references to color
in this figure legend, the reader is referred to
the web version of this article.)
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with a threshold of 0.10 m for the proximity of adjacent segments. To
classify the segments into almost-vertical and almost-horizontal, the
angle of their normals with the positive direction of z-axis is set to 45°
for most datasets. For automatic undershoot correction of walls, the
extension threshold is set based on the data. Experimentally, this
threshold should be less than the width of a narrow corridor. For most
datasets, a value of 1.0 m is optimal. During the reconstruction of vo-
lumetric walls, a value of 0.80 m is selected for the maximum distance
of two parallel planes to be considered as one wall, and their normal
vector should not deviate> 5°.

7.5. Runtime

All the algorithms are written in C++ and tested on a Lenovo
ThinkPad workstation with an Intel core i7 (2.5 GHz, 16 GB RAM).
Surface growing segmentation runtime is calculated per dataset and is
reported in Table 4. The whole pipeline runtime, excluding segmenta-
tion, for a dataset with 7 million points and an average of 800 surfaces
with 25 rooms takes 10 min. Most of the time is devoted to processing
pairs of adjacent segments to build the adjacency graph, extending
segments to their intersection, and eventually merging both faces.
Other algorithms operated on minimum rectangles such as re-
constructing the volumetric walls, generating the spaces from enclosed
walls, and the algorithm for the detection of doors and stairs take less
than a minute.

7.6. Limitations

Our volumetric reconstruction method for walls does not re-
construct columns in walls and walls with many intrusions and extru-
sions. Similarly, a wall with engraved windows such as façade walls are
approximated by a planar surface and the details of windows frames are
not reconstructed in the model. For the reconstruction of the permanent

structures and to model the non-Manhattan World structures, our al-
gorithm does not enforce any vertical, horizontal, or perpendicularity
constraints. As a consequence, some walls can be slightly skewed when
the surface is segmented with little clutter on the wall. However, this
limitation does not jeopardize the space subdivision result and sub-
sequent analyses. Some of the noise outside the building layout caused
by the strong reflection of glass surfaces can disturb the detection of a
permanent structure and lead to, for example, misclassified walls.
However, the final 3D model is correct because these misclassified walls
do not enclose a space during the reconstruction Authors in [8] propose
a method to identify and to prune the noise of reflective surfaces as a
solution, however, in this work, we did not apply their solution because
the noise was not disrupting the final 3D model. The algorithm for stair
modeling can fail if several steps are missing during the data acquisi-
tion. This can happen because the BFS-search detects the longest path
which is not representing the correct number of steps. Although, this
problem can be disregarded if the data is scanned properly with a
mobile laser scanner and the least amount of occlusion. Separating le-
vels of the building using the trajectory is limited to mobile laser
scanners which can go to the stair cases (backpacks and handheld).
Therefore, for TLS and pushing-cart scanners the z-histogram can be
used to separate the levels. Another limitation of using the trajectory is
that in the presence of a lot of transparent surfaces can be problematic
because laser rays penetrate to other levels, but yet it provides a coarse
separation of complex buildings to the levels and stairs. Using the tra-
jectory for the detection of (closed) doors is very effective as closed
doors are difficult to detect from simple geometry. However, doors
which are not traversed by the trajectory during the scanning are not
detected using this approach. Regarding the extraction of the room
spaces, it is important to keep in mind that a lack of closure in the
bounding elements of such spaces would not allow their reconstruction.
While this can be seen as a limitation in highly occluded scenes, it re-
mains a good indicator of the structural elements to reconsider for
model correction or improvement.

8. Conclusion and future work

In this paper we introduced a complete workflow that allows ex-
tracting fine-grained navigation networks from 3D models obtained
through an advanced reconstruction process. The resulting model is
meant to support disaster management and navigation in the context of
emergency response. Since we generate volumetric walls and spaces,
our results are also suitable to be used in BIM software for further
improvements. Facility maps can be co-registered and included in our

(a) Chimney, Penthouse, (TLS) (b) Dormer and built-in bookshelves

Fig. 18. Special cases for modeling the penthouse da-
taset: (a) is illustrating the chimney descended from the
ceiling. The walls of the chimney can be detected in our
permanent structure algorithm, but its space is not re-
constructed because of disconnection to the floor. (b)
shows the built-in bookshelves occluding the wall and
the dormer, which are reconstructed correctly in our
model (purple room in Fig. 17). (For interpretation of
the references to color in this figure legend, the reader is
referred to the web version of this article.)

Table 3
Parameters and their value for permanent structure reconstruction.

Parameter Value

Adjacency graph 0.10 m
Maximum distance of wall faces 0.80 m
Maximum angle deviation of wall faces 5°
Undershoot extension threshold 1.0 m
Minimum # of points in a segment 500 points
Max point distance for conn. comp. analysis 0.10 m

Table 4
Parameters for surface growing segmentation [64] and running time per dataset.

Datasets # points (million) Segmentation time Point-to-plane distance (meter) Surface growing radius (m) and # of neighbors in kd-tree

Fire brigade #1 7.4 648 s 0.10 1.0, 20
Fire brigade #2 5.6 426 s 0.08 0.8, 20
TU Delft 3.2 264 s 0.08 1.0, 20
Penthouse [6] 2.5 204 s 0.04 0.5, 20
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model for facility management. A safety audit can be performed
without the need of sending inspectors to the building and this can be
updated regularly for buildings, simply by scanning and generating new
models. We use MLS devices for most of our datasets, which enable us
to scan and generate the model on the same day. The generated model
can be imported in CAD software and can be further improved by
adding windows, missing doors, beams and columns. Firefighters can
use the spaces to have an overview of the layout of different floors.
When the spaces are enriched with the Object, Functional and
Remaining (O, F, R) Spaces, a subspace-based navigation graph which
reflects the indoor occupancy and functional spaces of indoor objects
can be designed for supporting navigation of different types of agent.
Our results show that 90% of the rooms are reconstructed correctly and
this can be improved with a simple user intervention to 95%. We de-
monstrate a fully 3D reconstruction pipeline for multistory buildings
with slanted walls, ceilings and ramps. The reconstruction of volumetric
walls enables us to have a better geometry model close to IFC standards
rather than thin-wall 3D models. Therefore, our pipeline can be an
initiative for scan-to-BIM problems. Applying the closure-based method
to extract spaces does not require the position of a scanner or a 3D cell
complex partitioning. Moreover, the FSS approach provides a higher
level of details for space subdivision comparing to previous 3D models.
The consistency control constraints make sure that the generated spaces
are validated for navigation, and rooms are accessible from different
locations in the building.

Future work could include the automatic semantic identification
and enrichment of the furniture. This would help in the creation of
more advanced FSS models with more detailed functional spaces and
would also allow automatic identification of the room function. The
evaluation of the whole pipeline with a flexible navigation network for
emergencies in a real case scenario is not a trivial task and needs co-
operation of several stakeholders and is part of our future plan.
Moreover, automatic reconstruction of other items such as windows,
beams and columns are another important improvement that needs to
be considered in our 3D models. Although we have introduced a basic
process to check the consistency, more in-depth investigations for fur-
ther constraints checking could improve the pipeline by additionally
considering, for example, topological constraints on the 3D models
reconstructed from the point clouds. From a planning point of view, an
extension to modeling the interior of buildings would be the in-
corporation with a façade modeling algorithm to obtain a whole
building model.

Declaration of competing interest

The authors have no conflicts of interest to declare.

Acknowledgment

This work is part of the TTW Maps4Society project Smart 3D indoor
models to support crisis management in large public buildings (13742)
which is (partly) financed by the Netherlands Organisation for
Scientific Research (NWO). The authors would like to thank the Fire
Brigade Rotterdam Rijnmond, Fire Brigade Haaksbergen, and TU Delft
for making their buildings available for the tests and data collection.
We acknowledge Claudio Mura (University of Zürich) for providing the
Penthouse dataset and the model for comparison.

References

[1] V.V. Lehtola, H. Kaartinen, A. Nüchter, R. Kaijaluoto, A. Kukko, P. Litkey,
E. Honkavaara, T. Rosnell, M.T. Vaaja, J.-P. Virtanen, Comparison of the selected
state-of-the-art 3D indoor scanning and point cloud generation methods, Remote
Sens. 9 (2017) 796, https://doi.org/10.3390/rs9080796.

[2] S. Becker, M. Peter, D. Fritsch, Grammar-supported 3D indoor reconstruction from
point clouds for “as-built” BIM, ISPRS Ann. Photogramm. Remote Sens. Spat. Inf.
Sci. 1 (2015) 17–24, https://doi.org/10.5194/isprsannals-II-3-W4-17-2015.

[3] K. Khoshelham, L. Diaz-Vilarino, 3D modeling of interior spaces: learning the lan-
guage of indoor architecture, Proceedings of the ISPRS Technical Commission V
Symposium, Riva Del Garda, Italy, 2014, https://doi.org/10.5194/isprsarchives-
XL-5-321-2014.

[4] S. Ikehata, H. Yang, Y. Furukawa, Structured indoor modeling, Proceedings of the
IEEE International Conference on Computer Vision, 2015, pp. 1323–1331, , https://
doi.org/10.1109/ICCV.2015.156.

[5] C. Mura, O. Mattausch, A. Jaspe Villanueva, E. Gobbetti, R. Pajarola, Automatic
room detection and reconstruction in cluttered indoor environments with complex
room layouts, Comput. Graph. 44 (2014) 20–32, https://doi.org/10.1016/j.cag.
2014.07.005.

[6] C. Mura, O. Mattausch, R. Pajarola, Piecewise-planar reconstruction of multi-room
interiors with arbitrary wall arrangements, Comput. Graphics Forum 35 (2016)
179–188, https://doi.org/10.1111/cgf.13015.

[7] S. Ochmann, R. Vock, R. Wessel, R. Klein, Automatic reconstruction of parametric
building models from indoor point clouds, Comput. Graph. 54 (2016) 94–103,
https://doi.org/10.1016/j.cag.2015.07.008.

[8] S. Nikoohemat, M. Peter, S. Oude Elberink, G. Vosselman, Semantic interpretation
of mobile laser scanner point clouds in indoor scenes using trajectories, Remote
Sens. 10 (2018) 1754, https://doi.org/10.3390/rs10111754.

[9] R.B. Tilove, A.A. Requicha, Closure of boolean operations on geometric entities,
Comput. Aided Des. 12 (1980) 219–220, https://doi.org/10.1016/0010-4485(80)
90025-1.

[10] A.A. Diakité, S. Zlatanova, Spatial subdivision of complex indoor environments for
3D indoor navigation, Int. J. Geogr. Inf. Sci. 32 (2018) 213–235, https://doi.org/
10.1080/13658816.2017.1376066.

[11] P. Pinheiro, E. Cardozo, J. Wainer, E. Rohmer, Cleaning task planning for an au-
tonomous robot in indoor places with multiples rooms, Int. J. Mach. Learn. Comput.
5 (2015) 86–90, https://doi.org/10.7763/IJMLC.2015.V5.488.

[12] R.B. Rusu, Z.C. Marton, N. Blodow, A. Holzbach, M. Beetz, Model-based and learned
semantic object labeling in 3D point cloud maps of kitchen environments, IEEE/RSJ
International Conference on Intelligent Robots and Systems, 2009, IROS 2009,
2009, pp. 3601–3608, , https://doi.org/10.1109/IROS.2009.5354759.

[13] H.S. Koppula, A. Anand, T. Joachims, A. Saxena, Semantic labeling of 3D point
clouds for indoor scenes, in: J. Shawe-Taylor, R.S. Zemel, P.L. Bartlett, F. Pereira,
K.Q. Weinberger (Eds.), Advances in Neural Information Processing Systems 24,
Curran Associates, Inc., 2011, pp. 244–252 URL http://papers.nips.cc/paper/4226-
semantic-labeling-of-3d-point-clouds-for-indoor-scenes , Accessed date: 1 January
2020.

[14] S.L. Bowman, N. Atanasov, K. Daniilidis, G.J. Pappas, Probabilistic data association
for semantic SLAM, IEEE International Conference on Robotics and Automation
(ICRA), IEEE, 2017, pp. 1722–1729, , https://doi.org/10.1109/ICRA.2017.
7989203.

[15] R. Bormann, J. Hampp, M. Hägele, New brooms sweep clean - an autonomous ro-
botic cleaning assistant for professional office cleaning, 2015 IEEE International
Conference on Robotics and Automation (ICRA), 2015, pp. 4470–4477, , https://
doi.org/10.1109/ICRA.2015.7139818.

[16] R.B. Rusu, Table cleaning in dynamic environments, Semantic 3D Object Maps for
Everyday Robot Manipulation, Springer, Berlin Heidelberg, 2013, pp. 149–159, ,
https://doi.org/10.1007/978-3-642-35479-3_10.

[17] H. Wang, S. Gould, D. Roller, Discriminative learning with latent variables for
cluttered indoor scene understanding, Commun. ACM 56 (2013) 92, https://doi.
org/10.1145/2436256.2436276.

[18] C. Liu, J. Wu, Y. Furukawa, FloorNet: a unified framework for floorplan re-
construction from 3D scans, computer vision – ECCV 2018. ECCV 2018, Lecture
Notes in Computer Science, 11210 Springer, Cham, 2018, , https://doi.org/10.
1007/978-3-030-01231-1_13.

[19] Y. Dehbi, S. Loch-Dehbi, L. Plümer, Parameter estimation and model selection for
indoor environments based on sparse observations, ISPRS Annals of
Photogrammetry, Remote Sensing and Spatial Information Sciences, Copernicus
GmbH, 2017, pp. 303–310, , https://doi.org/10.5194/isprs-annals-IV-2-W4-303-
2017.

[20] Y. Dehbi, F. Hadiji, G. Gröger, K. Kersting, L. Plümer, Statistical relational learning
of grammar rules for 3D building reconstruction, Trans. in GIS, 2016, https://doi.
org/10.1111/tgis.12200 n/a-n/a.

[21] S. Nikoohemat, M. Koeva, S.J. Oude Elberink, C.H.J. Lemmen, Change detection
from point clouds to support indoor 3D cadastre, International Archives of the
Photogrammetry, Remote Sensing & Spatial Information Sciences, 2018, https://
doi.org/10.5194/isprs-archives-XLII-4-451-2018.

[22] M. Koeva, S. Nikoohemat, S. Oude Elberink, J. Morales, C. Lemmen,
J. Zevenbergen, Towards 3D indoor cadastre based on change detection from point
clouds, Remote Sens. 11 (2019) 1972, https://doi.org/10.3390/rs11171972.

[23] G. Chen, J. Kua, S. Shum, N. Naikal, M. Carlberg, A. Zakhor, Indoor localization
algorithms for a human-operated backpack system, 3D Data Processing,
Visualization, and Transmission, Citeseer, 2010URL http://citeseerx.ist.psu.edu/
viewdoc/summary?doi=10.1.1.158.748 , Accessed date: 1 January 2020.

[24] S. Karam, G. Vosselman, M. Peter, S. Hosseinyalamdary, V. Lehtola, Design, cali-
bration, and evaluation of a backpack indoor mobile mapping system, Remote Sens.
11 (2019) 905, https://doi.org/10.3390/rs11080905.

[25] C. Wen, S. Pan, C. Wang, J. Li, An indoor backpack system for 2-D and 3-D mapping
of building interiors, IEEE Geosci. Remote Sens. Lett. 13 (2016) 992–996, https://
doi.org/10.1109/LGRS.2016.2558486.

[26] 14:00-17:00, ISO 16739-1:2018, Industry Foundation Classes (IFC), ISO, 2018,
http://www.iso.org/cms/render/live/en/sites/isoorg/contents/data/standard/07/
03/70303.html , Accessed date: 1 January 2020.

[27] J. Lee, K.-J. Li, S. Zlatanova, T.H. Kolbe, C. Nagel, T. Becker, OGC® IndoorGML,

S. Nikoohemat, et al. Automation in Construction 113 (2020) 103109

16

https://doi.org/10.3390/rs9080796
https://doi.org/10.5194/isprsannals-II-3-W4-17-2015
https://doi.org/10.5194/isprsarchives-XL-5-321-2014
https://doi.org/10.5194/isprsarchives-XL-5-321-2014
https://doi.org/10.1109/ICCV.2015.156
https://doi.org/10.1109/ICCV.2015.156
https://doi.org/10.1016/j.cag.2014.07.005
https://doi.org/10.1016/j.cag.2014.07.005
https://doi.org/10.1111/cgf.13015
https://doi.org/10.1016/j.cag.2015.07.008
https://doi.org/10.3390/rs10111754
https://doi.org/10.1016/0010-4485(80)90025-1
https://doi.org/10.1016/0010-4485(80)90025-1
https://doi.org/10.1080/13658816.2017.1376066
https://doi.org/10.1080/13658816.2017.1376066
https://doi.org/10.7763/IJMLC.2015.V5.488
https://doi.org/10.1109/IROS.2009.5354759
http://papers.nips.cc/paper/4226-semantic-labeling-of-3d-point-clouds-for-indoor-scenes
http://papers.nips.cc/paper/4226-semantic-labeling-of-3d-point-clouds-for-indoor-scenes
https://doi.org/10.1109/ICRA.2017.7989203
https://doi.org/10.1109/ICRA.2017.7989203
https://doi.org/10.1109/ICRA.2015.7139818
https://doi.org/10.1109/ICRA.2015.7139818
https://doi.org/10.1007/978-3-642-35479-3_10
https://doi.org/10.1145/2436256.2436276
https://doi.org/10.1145/2436256.2436276
https://doi.org/10.1007/978-3-030-01231-1_13
https://doi.org/10.1007/978-3-030-01231-1_13
https://doi.org/10.5194/isprs-annals-IV-2-W4-303-2017
https://doi.org/10.5194/isprs-annals-IV-2-W4-303-2017
https://doi.org/10.1111/tgis.12200
https://doi.org/10.1111/tgis.12200
https://doi.org/10.5194/isprs-archives-XLII-4-451-2018
https://doi.org/10.5194/isprs-archives-XLII-4-451-2018
https://doi.org/10.3390/rs11171972
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.158.748
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.158.748
https://doi.org/10.3390/rs11080905
https://doi.org/10.1109/LGRS.2016.2558486
https://doi.org/10.1109/LGRS.2016.2558486
http://www.iso.org/cms/render/live/en/sites/isoorg/contents/data/standard/07/03/70303.html
http://www.iso.org/cms/render/live/en/sites/isoorg/contents/data/standard/07/03/70303.html


IndoorGML SWG, http://docs.opengeospatial.org/is/14-005r3/14-005r3.html#12,
(2014) , Accessed date: 1 January 2020.

[28] S. Ochmann, R. Vock, R. Klein, Automatic reconstruction of fully volumetric 3D
building models from oriented point clouds, ISPRS J. Photogramm. Remote Sens.
151 (2019) 251–262, https://doi.org/10.1016/j.isprsjprs.2019.03.017.

[29] H. Jung, J. Lee, Indoor subspacing to implement IndoorGML for indoor navigation,
ISPRS Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 1 (2015) 25–27, https://
doi.org/10.5194/isprsarchives-XL-2-W4-25-2015.

[30] A.A. Diakité, S. Zlatanova, Valid space description in BIM for 3D indoor navigation,
IJ3DIM 5 (2016) 1–17, https://doi.org/10.4018/IJ3DIM.2016070101.

[31] M. Bassier, R. Klein, B. Van Genechten, M. Vergauwen, IFC wall reconstruction from
unstructured point clouds, Annals of the Photogrammetry Remote Sensing and
Spatial Information Sciences, 2018, https://doi.org/10.5194/isprs-annals-IV-2-33-
2018.

[32] H. Macher, T. Landes, P. Grussenmeyer, From point clouds to building information
models: 3D semi-automatic reconstruction of indoors of existing buildings, Appl.
Sci. 7 (2017) 1030, https://doi.org/10.3390/app7101030.

[33] C. Thomson, J. Boehm, Automatic geometry generation from point clouds for BIM,
Remote Sens. 7 (2015) 11753–11775, https://doi.org/10.3390/rs70911753.

[34] A. Boulch, M. De La Gorce, R. Marlet, Piecewise-planar 3D reconstruction with edge
and corner regularization, computer graphics forum, Proceedings of
EUROGRAPHICS Symposium on Geometry Processing, 33 2014, pp. 55–64, ,
https://doi.org/10.1111/cgf.12431.

[35] R. Ambruş, S. Claici, A. Wendt, Automatic room segmentation from unstructured 3-
D data of indoor environments, IEEE Robot. Autom. Lett. 2 (2017) 749–756,
https://doi.org/10.1109/LRA.2017.2651939.

[36] S. Murali, P. Speciale, M.R. Oswald, M. Pollefeys, Indoor Scan2BIM: building in-
formation models of house interiors, IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS), 2017, https://doi.org/10.1109/IROS.2017.
8206513.

[37] R. Wang, L. Xie, D. Chen, Modeling indoor spaces using decomposition and re-
construction of structural elements, Photogramm. Eng. Remote Sens. 83 (2017)
827–841, https://doi.org/10.14358/PERS.83.12.827.

[38] S. Oesau, F. Lafarge, P. Alliez, Indoor scene reconstruction using feature sensitive
primitive extraction and graph-cut, ISPRS J. Photogramm. Remote Sens. 90 (2014)
68–82, https://doi.org/10.1016/j.isprsjprs.2014.02.004.

[39] H. Tran, K. Khoshelham, A. Kealy, L. Díaz-Vilariño, Shape grammar approach to 3D
modeling of indoor environments using point clouds, J. Comput. Civ. Eng. 33
(2019) 04018055, , https://doi.org/10.1061/(ASCE)CP.1943-5487.0000800.

[40] S. Nikoohemat, M. Peter, S. Oude Elberink, G. Vosselman, Exploiting indoor mobile
laser scanner trajectories for semantic interpretation of point clouds, ISPRS Annals
of Photogrammetry, Remote Sensing and Spatial Information Sciences, Copernicus
GmbH, 2017, pp. 355–362, , https://doi.org/10.5194/isprs-annals-IV-2-W4-355-
2017.

[41] A. Adan, D. Huber, 3D reconstruction of interior wall surfaces under occlusion and
clutter, 2011 International Conference on 3D Imaging, Modeling, Processing,
Visualization and Transmission (3DIMPVT), 2011, pp. 275–281, , https://doi.org/
10.1109/3DIMPVT.2011.42.

[42] B. Quintana, S.A. Prieto, A. Adán, F. Bosché, Door detection in 3D coloured point
clouds of indoor environments, Autom. Constr. 85 (2018) 146–166, https://doi.
org/10.1016/j.autcon.2017.10.016.

[43] L. Diaz-Vilarino, K. Khoshelham, J. Martínez-Sánchez, P. Arias, 3D modeling of
building indoor spaces and closed doors from imagery and point clouds, Sensors 15
(2015) 3491–3512, https://doi.org/10.3390/s150203491.

[44] X. Xiong, A. Adan, B. Akinci, D. Huber, Automatic creation of semantically rich 3D
building models from laser scanner data, Autom. Constr. 31 (2013) 325–337,
https://doi.org/10.1016/j.autcon.2012.10.006.

[45] A. Elseicy, Semantic Enrichment of Indoor Mobile Laser Scanner Point Clouds and
Trajectories, Master thesis Department of Earth Observation (EOS), University of
Twente Faculty of Geo-Information and Earth Observation (ITC), 2018 URL https://
library.itc.utwente.nl/papers_2018/msc/gfm/ElSeicy.pdf , Accessed date: 1
January 2020.

[46] A. Elseicy, S. Nikoohemat, M. Peter, S.O. Elberink, Space subdivision of indoor
mobile laser scanning data based on the scanner trajectory, Remote Sens. 10 (2018)
1815, https://doi.org/10.3390/rs10111815.

[47] J. Schmittwilken, J. Saatkamp, W. Forstner, T.H. Kolbe, L. Plumer, A semantic
model of stairs in building collars, Photogrammetrie Fernerkundung
Geoinformation PFG, 6 2007, pp. 415–428 UTL http://citeseerx.ist.psu.edu/
viewdoc/summary?doi=10.1.1.486.1093&rank=1 , Accessed date: 1 January
2020.

[48] A. Boulch, S. Houllier, R. Marlet, O. Tournaire, Semantizing complex 3D scenes
using constrained attribute grammars, Comput. Graphics Forum 32 (2013) 33–42,
https://doi.org/10.1111/cgf.12170.

[49] V. Sanchez, A. Zakhor, Planar 3D modeling of building interiors from point cloud
data, 2012 19th IEEE International Conference on Image Processing (ICIP), 2012,
pp. 1777–1780, , https://doi.org/10.1109/ICIP.2012.6467225.

[50] S. Oßwald, J. Gutmann, A. Hornung, M. Bennewitz, From 3D point clouds to

climbing stairs: a comparison of plane segmentation approaches for humanoids,
2011 11th IEEE-RAS International Conference on Humanoid Robots, 2011, pp.
93–98, , https://doi.org/10.1109/Humanoids.2011.6100836.

[51] B.R. Staats, A.A. Diakité, R.L. Voûte, S. Zlatanova, Automatic generation of indoor
navigable space using a point cloud and its scanner trajectory, ISPRS Ann.
Photogramm. Remote Sens. Spat. Inf. Sci. 4 (2017) 393, https://doi.org/10.5194/
isprs-annals-IV-2-W4-393-2017.

[52] M. Bansal, B. Matei, B. Southall, J. Eledath, H. Sawhney, A lidar streaming archi-
tecture for mobile robotics with application to 3d structure characterization, 2011
IEEE International Conference on Robotics and Automation, IEEE, 2011, pp.
1803–1810, , https://doi.org/10.1109/ICRA.2011.5980397.

[53] F.W. Fichtner, A.A. Diakité, S. Zlatanova, R. Voûte, Semantic enrichment of octree
structured point clouds for multi-story 3D pathfinding, Trans. GIS 22 (2018)
233–248, https://doi.org/10.1111/tgis.12308.

[54] G. Brown, C. Nagel, S. Zlatanova, T.H. Kolbe, Modelling 3D topographic space
against indoor navigation requirements, in: J. Pouliot, S. Daniel, F. Hubert,
A. Zamyadi (Eds.), Progress and New Trends in 3D Geoinformation Sciences,
Springer, Berlin Heidelberg, 2013, pp. 1–22, , https://doi.org/10.1007/978-3-642-
29793-9_1.

[55] A. Khan, T. Kolbe, Subspacing based on connected opening spaces and for different
locomotion types using geometric and graph based representation in multilayered
space-event model (MLSEM), Proceedings of the 8th 3D GeoInfo Conference, 2013,
https://doi.org/10.5194/isprsannals-II-2-W1-173-2013.

[56] G. Girard, S. Côté, S. Zlatanova, Y. Barette, J. St-Pierre, P. Van Oosterom, Indoor
pedestrian navigation using foot-mounted IMU and portable ultrasound range,
Sensors 11 (2011) 7606–7624, https://doi.org/10.3390/s110807606.

[57] T. Broersen, F. Fichtner, E.J. Heeres, I. De LIefde, O. Rodenberg, B.M. Meijers,
E. Verbree, S.C. Van der Spek, D. Ten Napel, Project Pointless: identifying, visua-
lising and pathfinding through empty space in interior point clouds using an octree
approach, https://repository.tudelft.nl/islandora/object/uuid:c9e55f6a-c874-4aee-
9ceb-6bbcf34d9dc7?collection=education, (2015) , Accessed date: 1 January
2020.

[58] L. Yang, M. Worboys, Generation of navigation graphs for indoor space, Int. J.
Geogr. Inf. Sci. 29 (2015) 1737–1756, https://doi.org/10.1080/13658816.2015.
1041141.

[59] A. Alattas, S. Zlatanova, P. Van Oosterom, E. Chatzinikolaou, C. Lemmen, K.-J. Li,
Supporting indoor navigation using access rights to spaces based on combined use
of IndoorGML and LADM models, ISPRS Int. J. Geo Inf. 6 (2017) 384, https://doi.
org/10.3390/ijgi6120384.

[60] G. Gröger, L. Plümer, How to achieve consistency for 3D city models,
Geoinformatica 15 (2009) 137–165, https://doi.org/10.1007/s10707-009-0091-6.

[61] G. Gröger, L. Plümer, Derivation of 3D indoor models by grammars for route
planning, Photogrammetrie-Fernerkundung-Geoinformation 2010 (2010) 191–206,
https://doi.org/10.1127/1432-8364/2010/0049.

[62] T. Liu, S. Chaudhuri, V.G. Kim, Q. Huang, N.J. Mitra, T. Funkhouser, Creating
consistent scene graphs using a probabilistic grammar, ACM Trans. Graph. 33
(2014) 211:1–211:12, https://doi.org/10.1145/2661229.2661243.

[63] E. Turner, A. Zakhor, Floor plan generation and room labeling of indoor environ-
ments from laser range data, Proceedings of International Conference on Computer
Graphics Theory and Applications, Volume 1 (VISIGRAPP2014), 2014, pp. 22–33, ,
https://doi.org/10.5220/0004680300220033.

[64] G. Vosselman, B.G. Gorte, G. Sithole, T. Rabbani, Recognising structure in laser
scanner point clouds, International Archives of Photogrammetry, Remote Sensing
and Spatial Information Sciences 46 (2004) 33–38 https://www.isprs.org/
proceedings/XXXVI/8-W2/VOSSELMAN.pdf , Accessed date: 1 January 2020.

[65] R. Huitl, G. Schroth, S. Hilsenbeck, F. Schweiger, E. Steinbach, TUMindoor: an
extensive image and point cloud dataset for visual indoor localization and mapping,
2012 19th IEEE International Conference on Image Processing (ICIP), 2012, pp.
1773–1776, , https://doi.org/10.1109/ICIP.2012.6467224.

[66] T. Rabbani, F. van den Heuvel, G. Vosselmann, Segmentation of point clouds using
smoothness constraint, International Archives of Photogrammetry, Remote Sensing
and Spatial Information Sciences 36 (2006) 248–253 https://www.isprs.org/
proceedings/XXXVI/part5/paper/RABB_639.pdf , Accessed date: 1 January 2020.

[67] D. Karger, R. Motwani, G.D.S. Ramkumar, On approximating the longest path in a
graph, Algorithmica 18 (1997) 82–98, https://doi.org/10.1007/BF02523689.

[68] H. Poincaré, Analysis situs, Gauthier-Villars, 1895 URL: partially scanned http://
utenti.quipo.it/base5/fano/Fano_topologia_1.pdf , Accessed date: 1 January 2020.

[69] J. Lee, 3D GIS for geo-coding human activity in micro-scale urban environments,
International Conference on Geographic Information Science, Springer, 2004, pp.
162–178, , https://doi.org/10.1007/978-3-540-30231-5_11.

[70] I. Afyouni, C. Ray, C. Claramunt, Spatial models for context-aware indoor naviga-
tion systems: a survey, J. Spat. Inf. Sci. (4) (2012) 85–123, https://doi.org/10.
5311/JOSIS.2012.4.73.

[71] S. Nikoohemat, Smart Indoor Models in 3D (SIMs3D), DANS, Faculty of Geo
Information Science and Earth Observation ITC, University of Twente, 2019,
https://doi.org/10.17026/dans-22n-w7s8.

S. Nikoohemat, et al. Automation in Construction 113 (2020) 103109

17

http://docs.opengeospatial.org/is/14-005r3/14-005r3.html#12
https://doi.org/10.1016/j.isprsjprs.2019.03.017
https://doi.org/10.5194/isprsarchives-XL-2-W4-25-2015
https://doi.org/10.5194/isprsarchives-XL-2-W4-25-2015
https://doi.org/10.4018/IJ3DIM.2016070101
https://doi.org/10.5194/isprs-annals-IV-2-33-2018
https://doi.org/10.5194/isprs-annals-IV-2-33-2018
https://doi.org/10.3390/app7101030
https://doi.org/10.3390/rs70911753
https://doi.org/10.1111/cgf.12431
https://doi.org/10.1109/LRA.2017.2651939
https://doi.org/10.1109/IROS.2017.8206513
https://doi.org/10.1109/IROS.2017.8206513
https://doi.org/10.14358/PERS.83.12.827
https://doi.org/10.1016/j.isprsjprs.2014.02.004
https://doi.org/10.1061/(ASCE)CP.1943-5487.0000800
https://doi.org/10.5194/isprs-annals-IV-2-W4-355-2017
https://doi.org/10.5194/isprs-annals-IV-2-W4-355-2017
https://doi.org/10.1109/3DIMPVT.2011.42
https://doi.org/10.1109/3DIMPVT.2011.42
https://doi.org/10.1016/j.autcon.2017.10.016
https://doi.org/10.1016/j.autcon.2017.10.016
https://doi.org/10.3390/s150203491
https://doi.org/10.1016/j.autcon.2012.10.006
https://library.itc.utwente.nl/papers_2018/msc/gfm/ElSeicy.pdf
https://library.itc.utwente.nl/papers_2018/msc/gfm/ElSeicy.pdf
https://doi.org/10.3390/rs10111815
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.486.1093&rank=1
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.486.1093&rank=1
https://doi.org/10.1111/cgf.12170
https://doi.org/10.1109/ICIP.2012.6467225
https://doi.org/10.1109/Humanoids.2011.6100836
https://doi.org/10.5194/isprs-annals-IV-2-W4-393-2017
https://doi.org/10.5194/isprs-annals-IV-2-W4-393-2017
https://doi.org/10.1109/ICRA.2011.5980397
https://doi.org/10.1111/tgis.12308
https://doi.org/10.1007/978-3-642-29793-9_1
https://doi.org/10.1007/978-3-642-29793-9_1
https://doi.org/10.5194/isprsannals-II-2-W1-173-2013
https://doi.org/10.3390/s110807606
https://repository.tudelft.nl/islandora/object/uuid:c9e55f6a-c874-4aee-9ceb-6bbcf34d9dc7?collection=education
https://repository.tudelft.nl/islandora/object/uuid:c9e55f6a-c874-4aee-9ceb-6bbcf34d9dc7?collection=education
https://doi.org/10.1080/13658816.2015.1041141
https://doi.org/10.1080/13658816.2015.1041141
https://doi.org/10.3390/ijgi6120384
https://doi.org/10.3390/ijgi6120384
https://doi.org/10.1007/s10707-009-0091-6
https://doi.org/10.1127/1432-8364/2010/0049
https://doi.org/10.1145/2661229.2661243
https://doi.org/10.5220/0004680300220033
https://www.isprs.org/proceedings/XXXVI/8-W2/VOSSELMAN.pdf
https://www.isprs.org/proceedings/XXXVI/8-W2/VOSSELMAN.pdf
https://doi.org/10.1109/ICIP.2012.6467224
https://www.isprs.org/proceedings/XXXVI/part5/paper/RABB_639.pdf
https://www.isprs.org/proceedings/XXXVI/part5/paper/RABB_639.pdf
https://doi.org/10.1007/BF02523689
http://utenti.quipo.it/base5/fano/Fano_topologia_1.pdf
http://utenti.quipo.it/base5/fano/Fano_topologia_1.pdf
https://doi.org/10.1007/978-3-540-30231-5_11
https://doi.org/10.5311/JOSIS.2012.4.73
https://doi.org/10.5311/JOSIS.2012.4.73
https://doi.org/10.17026/dans-22n-w7s8

	Indoor 3D reconstruction from point clouds for optimal routing in complex buildings to support disaster management
	Introduction
	Related work
	Overview
	3D reconstruction of permanent structures, openings and stairs from point clouds
	Separating the levels and stairs
	Detection of permanent structures
	Adjacency graph
	Visual correction of segments
	Automatic undershoot correction

	Reconstruction of volumetric walls
	Detection and addition of doors and furniture
	Stairs modeling

	Room reconstruction and flexible space subdivision
	Reconstructing the indoor spaces
	Identification of the occupied spaces (O-Spaces) and the remaining free space (R-Spaces)
	Identification of the functional spaces (F-Spaces)
	Using the model to support indoor navigation

	Consistency check of the model
	Results and discussion
	Comparison with IFC and related work
	Visual correction
	Navigation graph
	Important parameters
	Runtime
	Limitations

	Conclusion and future work
	mk:H1_27
	Acknowledgment
	References




