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Abstract

In the Architecture, Engineering, and Construction (AEC) domain, semanti-

cally rich 3D information models are increasingly used throughout a facility’s

life cycle for diverse applications, such as planning renovations, space usage

planning, and managing building maintenance. These models, which are

known as building information models (BIMs), are often constructed using

dense, three dimensional (3D) point measurements obtained from laser scan-

ners. Laser scanners can rapidly capture the “as-is” conditions of a facility,

which may differ significantly from the design drawings. Currently, the con-

version from laser scan data to BIM is primarily a manual operation, and it

is labor-intensive and can be error-prone. This paper presents a method to

automatically convert the raw 3D point data from a laser scanner positioned

at multiple locations throughout a facility into a compact, semantically rich

information model. Our algorithm is capable of identifying and modeling the
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main visible structural components of an indoor environment (walls, floors,

ceilings, windows, and doorways) despite the presence of significant clut-

ter and occlusion, which occur frequently in natural indoor environments.

Our method begins by extracting planar patches from a voxelized version of

the input point cloud. The algorithm learns the unique features of different

types of surfaces and the contextual relationships between them and uses this

knowledge to automatically label patches as walls, ceilings, or floors. Then,

we perform a detailed analysis of the recognized surfaces to locate openings,

such as windows and doorways. This process uses visibility reasoning to fuse

measurements from different scan locations and to identify occluded regions

and holes in the surface. Next, we use a learning algorithm to intelligently

estimate the shape of window and doorway openings even when partially oc-

cluded. Finally, occluded surface regions are filled in using a 3D inpainting

algorithm. We evaluated the method on a large, highly cluttered data set of

a building with forty separate rooms.

Keywords:

interior modeling, 3D modeling, scan to BIM, lidar, object recognition, wall

analysis, opening detection.

1. Introduction

In the Architecture, Engineering, and Construction (AEC) domain, se-

mantically rich 3D models are increasingly used throughout a building’s

life cycle, from design, through construction, and into the facility manage-

ment phase. These models, generally known as building information models

(BIMs), are used for many purposes, including planning and visualization
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Figure 1: As-is BIM creation. a) The input data from a single scanner

location reflectance image (top), range image (bottom), and close up of

highlighted region (right). b) The point data is aligned and combined into

a cloud of points. Data from four scans was combined to form this point

cloud. c) Geometric primitives are modeled to form the BIM. This BIM was

created manually by a professional service provider.

3



during the design phase, detection of mistakes made during construction,

and simulation and space planning during the management phase (Akinci

et al., 2006; GSA, 2009a,b). A BIM that is created during the design of a

facility may vary significantly from the actual current condition of the facil-

ity. These differences arise from a variety of sources, such as undocumented

design changes, inadvertent errors in the construction, and renovations made

during the ensuing time period. Frequently, facilities have no design BIM at

all, and, in some cases, even blueprints may be unavailable. Consequently,

there is a substantial need to efficiently create BIMs of the “as-built” or “as-

is” conditions of a facility. We use “as-is” to refer to both terms hereafter.

The geometry of as-is BIMs is starting to be generated using data from

laser scanners, although image-based techniques show promise for some appli-

cations (Furukawa et al., 2009b). A laser scanner provides distance measure-

ments of surfaces visible from the sensor’s viewpoint, which can be converted

to a set of 3D points known as a point cloud (Figure 1). Individual point

measurements can be accurate to a few centimeters or less than a millimeter

depending on the sensor, the range, and the surface being scanned. To obtain

sufficient coverage of a building, the scanner is placed in various locations

throughout and around the facility, and the point clouds from each location

are combined together in a common coordinate system – a process known as

registration. More recently, mobile scanning systems have become available,

greatly reducing the scanning time at the expense of some accuracy of the

registered point cloud (Trimble, 2011).

Point clouds can be used for some applications, such as clash detection

(i.e., identifying collisions between built components and those in a design
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model), but for many purposes, a higher level BIM representation is advan-

tageous. An as-is BIM allows analysis and manipulation of the model at the

component level (e.g., walls and doors) rather than at the individual point

level, which is more natural, efficient, and compact, since components can be

summarized by a small number of parameters (Figure 1c).

The process of converting point cloud data into an as-is BIM is known

as “scan-to-BIM”. Geometric surfaces or volumetric primitives are fitted to

the 3D point cloud to model walls, floors, ceilings, columns, beams, and

other structures of interest. The modeled primitives are annotated with

identity labels (e.g., wall) and meta-data, such as the surface material (e.g.,

concrete), and spatial and functional relationships between nearby structures

and spaces are established. Currently, the scan-to-BIM process is primarily

a manual operation, and it is labor-intensive and error-prone (Anil et al.,

2011b). Even with training, the result produced by one modeler may differ

significantly from that produced by another person. Our goal is to develop

tools to help automate this process using techniques from computer vision

and machine learning (Xiong and Huber, 2010; Adan et al., 2011; Adan and

Huber, 2011, 2010; Anil et al., 2011a). Researchers in the AEC domain

recognize the need for such automation tools (Brilakis et al., 2010; Tang

et al., 2010). Our hypothesis is that the development of these tools will lead

to a better understanding of how to learn and represent the fundamental

principles of building design and construction.

This article describes our recent work on automatically creating as-is

BIMs from laser scan data. Our method takes as input a set of registered 3D

point clouds obtained from various locations in a room, and automatically
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identifies and models planar walls, floors, ceilings, and any significant rect-

angular openings (e.g., doorways and windows). Applied to all the rooms in

a building, our method will automatically produce a compact, semantically

rich, 3D model that, while not strictly a BIM in the traditional sense, con-

tains the geometric and identity information that substantially makes up the

BIM. The remaining steps of labeling windows and doorways and converting

the model from a surface representation to a volumetric representation are

the subject of ongoing work.

One of the key challenges to automating the as-is BIM creation process

is the problem of occlusions. Building modeling algorithms are frequently

demonstrated on simple examples like hallways that are devoid of furniture

or other objects that would obscure the surfaces to be modeled. To be

practical, modeling algorithms need to function in natural, unmodified envi-

ronments, since removing furniture prior to scanning usually is not feasible.

Not only do occluding objects block visibility of the surfaces of interest, they

may also be inadvertently interpreted as parts of the model themselves. For

example, a large cabinet against a wall may look very similar to a wall. An

automated modeling algorithm must be capable of reliably distinguishing be-

tween such clutter objects and the target surfaces. Our algorithm addresses

the challenges of clutter and occlusion by explicitly reasoning about them

throughout the process. To distinguish clutter from non-clutter, it is neces-

sary to learn a model of what clutter looks like and how it is different from

walls, ceilings, and floors. To understand occlusions, we use a ray-tracing

algorithm to identify regions that are occluded from every viewpoint and to

distinguish these regions from openings in the surface (e.g., due to doorways
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Figure 2: Algorithm overview. Given a registered point cloud of a facility

(a), each room is analyzed in two phases. First, context-based modeling

(b) recognizes and models key structural components – walls (blue), floors

(yellow), ceilings (magenta), and clutter (green). Detailed surface modeling

(c) detects and models openings (red rectangles) from windows, doors, and

built-in cabinets and fills in occluding regions on each wall, ceiling and floor

surface.

or windows).

Broadly, our algorithm consists of two phases (Figure 2). The algorithm

takes as input a set of registered scans and a model of the characteristics of

openings within walls, which is learned from training examples. The output

consists of labels for each of the points within the scans (wall, floor, ceiling,

or clutter), labeled patches for planar regions within the point cloud, an

adjacency map indicating which patches are connected to one another, and a

set of openings detected within each planar patch. In the first phase, planar

patches are extracted from the point cloud and a context-based machine

learning algorithm is used to label the patches as wall, ceiling, floor, or

clutter (Figure 2b). These patches are intersected with one another to form

a simple surface-based model of the room. In the second phase, each planar
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surface is analyzed to identify and model the occluded regions and openings

(Figure 2c). A learning algorithm encodes the characteristics of opening

shape and location, which allows the algorithm to infer the shape of an

opening even when it is partially occluded. An inpainting algorithm fills in

the occluded regions with a realistic surface for visualization purposes. These

two phases are described in more detail in Sections 3 and 4 respectively. For

efficiency, the algorithm operates independently on the data from each room.

The method can handle multiple scans per room, but we assume that the

scans are registered with one another. In our experiments, this registration

was performed manually, but automated methods for solving this problem

exist (Huber and Hebert, 2003). Our algorithm operates on planar patches

because the most of the surfaces of interest are planar. The extension to non-

planar surfaces is the subject of ongoing work. The algorithm also assumes

that the direction of up is known. This is typically provided by scanners,

since they are leveled prior to scanning. If the up direction is unknown, the

orientation can be estimated using statistics of the data.

2. Related Work

Many researchers have studied the problem of reconstruction of building

interiors and exteriors using laser scanner data (Frueh et al., 2005; Thrun

et al., 2004; Hähnel et al., 2003; Stamos et al., 2006; Böhm et al., 2007;

Böhm, 2008; Pu and Vosselman, 2009; Becker, 2009; Ripperda and Brenner,

2009; Budroni and Böhm, 2010; Budroni and Boehm, 2010). Generally, the

emphasis has been on creating visually realistic models rather than geometri-

cally accurate ones (e.g., El-Hakim et al. for indoor environments (El-Hakim
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et al., 1997), and Frueh et al. for outdoor environments (Frueh et al., 2005)).

Many of these algorithms extract planar patches from the data but do not

explicitly recognize the identity of components, such as walls, ceilings, and

floors. Thrun et al. developed a plane extraction method based on the

expectation-maximization algorithm (Thrun et al., 2004), and Hahnel et al.

used a plane sweep approach to find planar regions (Hähnel et al., 2003).

Stamos et al. combined planar patch modeling with triangular meshes in

complex areas (Stamos et al., 2006).

Context-based building modeling has been studied by several other re-

searchers (Nüchter and Hertzberg, 2008; Nüchter et al., 2003; Pu and Vos-

selman, 2006; Cantzler, 2003; Rusu et al., 2008). These approaches rely

on hand-coded rules, such as “walls are vertical and meet at 90◦ angles with

floors.” The constraint network introduced in (Nüchter and Hertzberg, 2008)

uses Horn clauses. Such rules are usually brittle and break down when faced

with noisy measurements or new environments. Our context-based modeling

algorithm differs from this previous work in that our approach automatically

learns which features and contextual relationships are important using train-

ing data and eliminates the need to manually create these rules. Recently,

Koppula et al. have used a graphical model to represent contextual relation-

ships for recognizing objects in indoor scenes using 3D + color data (RGBD)

from a Kinect sensor (Koppula et al., 2011).

Several methods have been proposed for using laser scanners to create

detailed models of walls and building façades (Böhm et al., 2007; Böhm,

2008; Pu and Vosselman, 2009; Ripperda and Brenner, 2009; Frueh et al.,

2005). Windows can be detected by façade modeling methods by modeling
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regions of low data density with rectangles (Böhm et al., 2007; Pu and Vos-

selman, 2009). Model-based approaches can also be used to predict patterns

in façades using top-down processing (Becker, 2009; Ripperda and Brenner,

2009; Koutsourakis et al., 2009).

Our detailed wall modeling differs from previous work because it is specifi-

cally designed to handle cluttered environments. Most previous work assumes

that occlusions are minimal or that regions occluded from one view can be

observed from another viewpoint (Frueh et al., 2005; Pu and Vosselman,

2009). One approach for addressing occlusions is to identify another region

that matches the occluded region and use that data to fill in the missing

region (Böhm, 2008). This method will work for small occlusions under the

assumption that the occluded region is part of a repeated pattern on the

surface, such as one of many identical windows on a wall. Real-world envi-

ronments are typically highly cluttered, with furniture occluding significant

portions of most walls. It is important for an algorithm to be robust to

clutter, and, therefore, we evaluate our approach in unmodified and highly

cluttered environments. The general problem of reconstructing occluded sur-

faces in 3D is also known as “hole filling,” and there are many proposed solu-

tions (Davis et al., 2002; Salamanca et al., 2008). Surfaces in buildings often

have a more constrained structure, so specialized approaches can be applied

in many cases (Frueh et al., 2005; DellAcqua and Fisher, 2002; Sappa, 2002).

Reconstruction approaches using images or videos are also well-studied.

Early work by Debevec used images to semi-automatically model building

exteriors (Debevec et al., 1996). Pollefeys et al. used video to model urban

environments from a moving vehicle (Pollefeys et al., 2008). More recently,
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multi-view image-matching techniques have been employed to perform large-

scale structure-from-motion on large image collections (Snavely et al., 2006;

Agarwal et al., 2009). Dense point clouds can then be created using multi-

view stereo (Furukawa et al., 2010), from which mesh-based surfaces can be

constructed. So far, image-based approaches do not have the level of accuracy

or data density needed for the AEC domain, but recent advances, such as

Manhattan world stereo (Furukawa et al., 2009b,a), show promise.

Laser scanners and imagery have been used to address several related

problems within the AEC domain. Bosché aligned laser scan data with a

CAD design model to identify and measure components like steel beams

and columns (Bosché, 2010; Bosche and Haas, 2008). Approaches based

on (Snavely et al., 2006) have been shown to be useful for visualizing con-

struction progress by overlaying design models with imagery (Golparvar-Fard

et al., 2009). Zhu developed a method to create models from images for the

special case of concrete columns using edge detection and color- and texture-

based classification (Zhu and Brilakis, 2010). Previous relevant work from

our group includes methods to assess the accuracy of as-is BIMs from laser

scanners by analyzing patterns in the differences between the original point

cloud and the reconstructed model (Anil et al., 2011b), and to compare scan

data with design models for detecting defects on construction sites (Yue et al.,

2006; Akinci et al., 2006).

3. Context-based Modeling

The first phase of our algorithm recognizes and models the core structural

components in a room. Specifically, the algorithm recognizes planar walls,
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(a) (b)

(c) (d)

Figure 3: The context-based modeling algorithm consists of four steps: a)

voxelization; b) patch detection; c) patch classification; and d) patch inter-

section and clutter removal.

12



ceilings, and floors, and distinguishes these components from other surfaces,

which are considered clutter in this context.

The primary challenge in the recognition of structural components is dis-

tinguishing relevant objects from clutter. The distinction can be difficult or

impossible if objects are considered in isolation, especially for highly occluded

data sets (e.g., a wall patch could be smaller than most clutter patches due

to occlusion). Our approach is to leverage context to aid in this process.

Contextual information has been shown, in other computer vision applica-

tions, to help by limiting the space of possibilities (Murphy et al., 2005)

and by ensuring global consistency among multiple interacting entities (Ra-

binovich et al., 2007). In our situation, contextual information could help

to recognize objects of interest and to distinguish them from clutter through

the relationships between the target surface and other nearby surfaces. For

example, if a surface is bounded on the sides by walls and is adjacent to a

floor on the bottom and a ceiling on the top, it is more likely to be a wall

than clutter, independently of the shape or size of that surface. In this way,

the interpretation of multiple surfaces can mutually support one another to

create a globally consistent labeling.

This phase of the algorithm consists of four steps (Figure 3): 1) Voxeliza-

tion. The registered point cloud’s density is reduced and distributed more

uniformly; 2) Patch Detection. Large planar patches are extracted from the

voxelized point cloud. 3) Patch Classification. A context-based learning al-

gorithm uses stacking to classify the patches according to the categories wall,

floor, ceiling, and clutter. 4) Patch Intersection and Clutter Removal. Adja-

cent labeled patches are intersected with one another to create more accurate
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boundaries, and clutter surfaces are removed. The next several sub-sections

describe these steps in more detail.

3.1. Voxelization

First, the input point cloud is discretized in a uniformly spaced 3D grid

data structure, which is known as a voxel space. This discretization serves to

reduce the amount of data in areas where it is overly dense, for example, on

walls close to one of the sensor positions or on surfaces sensed from several

locations. At the same time, sparsely sensed areas, like those seen only from

a longer distance, will be maintained at their original density.

The voxelization process can be viewed as a simplified version of an ev-

idence grid Moravec (1996). For each point, the voxel that it lies within is

determined and marked as “occupied.” Once all the points are added to the

voxel space, the centers of the occupied voxels are used to represent the orig-

inal data. Alternatively, the centroids of the points within each voxel can be

used. Voxelization introduces a small amount of geometric error in the point

cloud due to quantization, but can reduce the amount of point cloud data

significantly. The voxel size (1.5cm) is chosen to minimize the quantization

error while avoiding introducing significant numbers of holes in the surfaces.

3.2. Patch Detection

After initializing the voxel data structure, planar patches are extracted

from the voxelized data. Patches are found using a region-growing algorithm

to connect nearby points that have similar surface normals and that are well-

described by a planar model (Figure 4). The boundary of each planar patch is
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Figure 4: Patch detection. Planar patches are extracted using a region-

growing algorithm. Patches for one room shown from the exterior (left) and

interior (right).

described by the minimum area bounding rectangle of the constituent points.

The region-growing algorithm is similar to (Rabbani et al., 2006). For

each point, the total least squares (TLS) algorithm (Golub and van Loan,

1980) is used to fit a plane to the local neighborhood of points within a

specified radius (10 times the voxel size), thereby providing an estimate of

the surface normal. The planarity of the point is defined as the smallest

eigenvalue of the scatter matrix formed during the least squares fitting. The

points are then sorted in order of decreasing planarity. The most planar

point not already part of a patch is selected as a seed point and added to

a new patch. Points are added to the patch as long as they are adjacent to

a point already in the patch and the angle between the point’s normal and

the patch normal estimate is within a threshold (within 2 cm and 45◦ in our

experiments). Once no more points can be added to the patch, all the points

in the patch are used to fit a new plane to the data. This new plane is used to
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check if additional points can be added to the patch using the same criteria

as above. The process is repeated until no more points can be added to the

patch. This iterative re-fitting of the patch plane improves the segmentation

results significantly compared to the basic algorithm described in (Rabbani

et al., 2006). Small patches generally correspond to non-planar regions, so

once all data is assigned to a patch, only patches larger than a size threshold

are kept.

3.3. Patch Classification

We begin our classification algorithm with a set of patches detected and

modeled from the previous step. Then, we produce a graph by connect-

ing each planar patch with its four nearest neighbors. Nearest neighbors

are found by measuring the minimum Euclidean distance between patches’

boundaries (See Figure 3(b)). We use a machine learning framework stacking

to utilize both local and contextual information of the planar patches. Stack-

ing was first developed by D. H. Wolpert (Wolpert, 1992). It has been success-

fully used in various applications, such as natural language processing (Co-

hen, 2005; Kou, 2007) and computer vision (Munoz et al., 2010; Xiong et al.,

2011). The idea is to train a sequence of base learners used to model the

underlying structure of the relational data, where each base learner is aug-

mented by expanding an instance’s feature with the previous predictions of

related samples. The alternative approach is to use a probabilistic graphical

model to optimize the conditional probability of labels given the data (see our

previous work (Xiong and Huber, 2010)). A node in the graph is a random

variable representing a patch’s label and edges are formed to model context.

The next subsections describe the individual components of the classification
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procedure. First, we introduce the notation (Section 3.3.1) and our choice of

base learner (Section 3.3.2). Then, we describe how to generate contextual

features from neighboring patches (Section 3.3.3). Finally, we arrive at a

stacked learning algorithm in the context of our application (Section 3.3.4).

3.3.1. Notation

We denote ith patch by its feature vector xi ∈ Rd (note that this will

include both local patch descriptors and contextual information), and yi to

be its ground truth label of K labels, yi ∈ {c1, . . . , cK} and ŷi to denote

the estimation or prediction of this patch. In this problem K = 4, and the

possible labels are wall, f loor, ceiling, and clutter. A labeled sample is a

pair of (xi, yi), and a data set D is set of labeled samples {(xi, yi)}ni=1. We

use upper case letters for random variables, lower case letters for concrete

assignments to these variables, and boldface for vectors.

3.3.2. Base Learner

One advantage of our approach is the free choice of base learner, which

can be varied among different applications. We choose base learner L to be

a simple K-class logistic regression (LogR) model, parameterized by weights

w ∈ Rd×K . The conditional distribution of the ith patch’s label given its

features is,

p(yi = k|xi;w) =
exp(wT

k xi)∑K
j=1 exp(wT

j xi)
. (1)

We train the model by maximizing the likelihood of the data:

arg max
w

∑
i

log p(yi|xi)− λ||w||2 (2)
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where λ > 0 regularizes the model. The objective is concave under w, which

implies that it has a global maximum. We find the optimal value for w using

stochastic gradient ascent (Bertsekas et al. (2003)).

Given a training set D, we denote w = L(D) as solving the maximization

problem in Equation 1. Given a patch xi and parameters w, we denote

ŷi = f(xi,w) as predicting the label (Equation 1) for this sample.

3.3.3. Contextual Features

For modeling contextual features, we define R pairwise binary relations

between two planar patches, e.g., such relations could be whether two patches

are parallel/orthogonal to each other. We encode a patch’s neighborhood

configuration with a matrix H, where the entry in the kth row and rth column,

Hk,r is 1 if yi = ck and rth relationship is satisfied between itself and its

neighboring patch. Otherwise, Hk,r = 0. Then H is converted into a vector h

by concatenating its columns. For each patch we compute such configuration

between itself and each of its neighbors. The final h is computed as the sum

of them. This vector is used for constructing an extended data set that

incorporates the contextual information (Section 3.3.4). The choice of a

patch’s local features is described in Section 5.1.

3.3.4. Stacked Learning

Now, we describe the core of the learning algorithm: how to train a

sequence of learners so as make it aware of the labels of nearby examples.

By sequentially training a series of classifiers, we can ideally learn how to fix

the mistake from the previous one. In addition, we can use these previous

predictions as contextual cues. That is, given a labeled training setD, we first
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train a classifier w0 = L(D) over the entire training set (note that currentlyD

contains patches’ local features only). Using w0, we can classify each patch

xi to generate predictions ŷi = f(xi,w
0) from which to derive contextual

cues hi, as described in Section 3.3.3, and then train a new classifier w1.

Specifically, we use each ŷi to create an extended data set with contextual

cues D1 = {((xi,hi), yi)}ni=1 and train a new classifier w1 = L(D1). The

process can be repeated for multiple rounds until no improvement is observed.

However, note that if we were to use w0 to classify our training data, the

resulting predictions would be more optimistically correct than it would be

on the unseen test data. Instead of training a single classifier over the entire

labeled set, we generate multiple temporary classifiers that are trained on

subsets of the whole data. The purpose is to generate predictions over the

examples that were not used to train a classifier. Such technique is known

as stacking (Wolpert, 1992). By performing stacking, we simulate the same

prediction procedure for labeled data as in predicting the unlabeled data.

The details of the above procedure can be found in Algorithm 2. Finally, we

end up with learning and inference methods in Algorithm 1.

After the classification, we merge coplanar and adjacent patches that

belong to the same class.

3.4. Patch Intersection and Clutter Removal

The initial boundary estimation may not be accurate due to the highly-

cluttered environment. Once each patch is assigned to the one of the follow-

ing four labels: wall, ceiling, floor, and clutter, we re-estimate the patch

boundary by intersecting wall patches with neighboring walls, floor, and ceil-

ing. It is using the building structural constraint that the walls, ceiling and
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Algorithm 1 Stacked Learning

Inputs: labeled data {(xi, yi)}ni=1.

Learning algorithm:

Let D = {(xi, yi)}li=1.

Let D0 = D and train a local model w0 = L(D0).

for t = 1 . . . T , we train the stacked models as follows:

1. Apply procedure hold-out prediction described in Algorithm 2 to

labeled data and obtain predictions ŷ1,...,l.

2. Construct an extended data set Dt by performing a feature expansion

as follows: xt
i = (xi,hi).

3. Train model wt = L(Dt).

return learned models w0,...,T .

Inference algorithm: given test data X = {xi}ni=1

ŷ0 = f(X ,w0).

for t = 1 . . . T

1. carry out step 2 (in Learning algorithm) to produce X t.

2. ŷt = f(X t,wt).

return ŷT .
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Algorithm 2 Hold-out Prediction

Inputs: labeled data D = {(xi, yi)}nl=1, base learner L.

1. Split D into J equal-sized disjoint subsets D1, . . . ,DJ

2. Train a temporary wj for each subset Dj, where wj = L(D −Dj).

3. Use temporary wj to predict on subset Dj. Obtain prediction ŷ =

fj(x,wj),x ∈ Dj.

return ŷ1,...,n.

floor define an enclosed space for an indoor room.

4. Detailed Surface Modeling

The surfaces produced by context-based modeling represent idealized sur-

faces that are perfectly planar and unoccluded and with no openings. Real

surfaces in unmodified environments, particularly walls, are usually heavily

occluded, and it is important to understand where those occlusions occur.

For example, if an engineer wants to measure a dimension of a room, he or she

would likely prefer to make the measurement at a location that was actually

observed, rather than at an occluded position, which might be incorrectly

modeled. Furthermore, occlusions increase the challenge of estimating the

boundaries of openings, such as doorways and windows.

The detailed surface modeling algorithm operates on each planar patch

Si produced by the context-based modeling process, detecting the occluded

regions and regions within openings in the surface. The process involves

three steps for each patch. 1) Occlusion Labeling. Ray tracing is used to

determine which surface regions are observed, which are occluded, and which
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are empty space (Section 4.1). 2) Opening Detection. A learning-based

method is used to recognize and model openings in the surface based on

the occlusion labeling results (Section 4.2). 3) Occlusion Reconstruction.

Occluded regions not within an opening are reconstructed using a 3D hole

filling algorithm (Section 4.3). The next several subsections describe these

steps in detail.

4.1. Occlusion Labeling

Occlusion labeling uses a voxel space similar to that used in the context-

based modeling algorithm. However, in this case, the axes of the voxel space

are aligned with the axes of the patch with the plane of the patch passing

through the center of one layer of voxels. In practice, only this single layer of

voxels is used. In this step, each voxel on the surface Sj is given one of three

labels: occupied (F – for full), empty (E), or occluded (O). The labeling is

performed once for each surface, and the information is then combined into

a unified labeling (Figure 5).

First, the points from the set O = {O1, O2, . . . OK} of all scans from which

the surface Sj is visible are inserted into the voxel space. Each voxel lying

on the surface is labeled as occupied (F) if any point falls into the voxel, or

empty (E) otherwise. We denote this labeling L0.

Given a labeling L0 for surface Sj, it is impossible to differentiate between

a voxel that truly represents free space and one that is just occluded. We

address this problem using a ray-tracing algorithm that explicitly reasons

about occlusions between the sensor and the surface (Figure 5). A separate

voxel labeling Lk is created for each scan Ok in the set O. The labeling is

initialized to L0. A ray is traced from the scanner origin to each measured
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Figure 5: Occlusion labeling. Ray-tracing is used to label each surface as

occupied (red), occluded (blue), or empty (green) from each viewpoint that

observes a surface (left). The labels from all viewpoints are merged into a

single representation (top right) and a region-growing algorithm labels the

unobserved regions (bottom right).
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point in Ok. For efficiency, only those points lying within the bounds of

the patch boundary need to be considered. If the point lies beyond the

surface, the voxel lying at the intersection of the ray and the surface is

labeled empty (E) since the sensor observed a point further than the surface

in that direction. Similarly, if the point lies closer to the sensor than the

surface, then the voxel at the intersection is labeled occluded (O).

This ray-tracing process produces K labels for each voxel on the surface.

The single scan labels Lk are combined with the initial labeling L0 to form

the final labeling LF by initializing LF to L0 and applying the following rule

to each voxel v in Sj:

If L0(v) = E and Lj(v) = O, ∀j = 1, 2 . . . K,

then LF (v) = O (3)

The v argument of a labeling indicates the labeling of voxel v.

Voxel-based processing is well-suited for ray-tracing of very large data

sets, but for detailed surface modeling, we want the use the highest resolution

possible. Therefore, we convert the voxel labeling into a high-resolution,

image-based representation. The voxel size is approximately 1/25th of the

resolution of the original data. To recover a high-resolution representation,

we use the voxel centers as seeds to a region growing algorithm that fills the

gaps where no data was observed.

Each surface Sj is represented by a 2D image Ij which is mapped to the

surface with the image axes aligned with the voxel space axes. The size of

the image is determined by the surface boundary shape and the scale of the

image. The pixels in the image correspond to a physical size and location on

the wall. The image is essentially a texture map.
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The pixels in Ij are initialized with an “unknown” label (U). The point

measurements that fall within the surface voxel space are projected ortho-

graphically onto the surface plane, and the corresponding pixels in Ij are

labeled occupied (F). The centers for voxels labeled empty or occluded in LF

are projected in the same fashion, and the corresponding pixels are labeled

E and F respectively.

The region growing algorithm is designed to infer the labels of unknown

pixels that may be empty or occluded. The algorithm operates iteratively,

beginning with I0j = Ij, where the superscript t indicates the iteration num-

ber. The following rules are applied to each unknown pixel in the current

iteration. The j subscript is omitted for clarity. The first rule grows the

occluded regions.

I t+1 = O if I t(x, y) = U and dmin(I t(x, y), ItE) > α

and dmin(I t(x, y), ItO) < β (4)

where ItE and ItO are the sets of pixels in I t labeled E and O respectively

and dmin(a,B) is the minimum Euclidean distance between the pixel a and

any pixel in the set B. When no more pixels are changed in an iteration, the

second rule, which grows empty regions, is applied.

I t+1 = E if I t(x, y) = U and dmin(I t(x, y), ItO) > α

and dmin(I t(x, y), ItE) < β, (5)

The algorithm terminates when no pixels are changed in an iteration.

The final result of occlusion labeling is a labeled image Ij with no unknown

pixels (Figure 5).
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The occlusion labeling process is summarized in Algorithm 3. The oc-

cupancy subroutine updates the occupancy label for the voxel containing

p subject to the constraints of Sj. The ray-trace subroutine updates the

labeling Lk according to the intersection of the ray to p with Sj.

Algorithm 3 Occlusion Labeling

Inputs: surface Sj, scans O = {O1, O2, . . . OK}.

Output: labeled image Ij.

for all points p ∈ O do

occupancy(p, Sj)→ L0

end for

for all scans Ok ∈ O do

Lk = L0

for all points p ∈ Ok do

ray-trace(p, Sj)→ Lk

end for

end for

LF = merge-labels(L0 . . . Lk) (Equation 3)

Ij = region-grow(LF ) (Equations 4 and 5)

4.2. Opening Detection and Modeling

In the ideal case, an opening in a surface could be extracted directly from

regions in Ij that are labeled “empty.” However, in real situations, openings

are rarely so straightforward. They may be partially occluded by furniture

or other objects, in which case the opening boundary must be inferred (Fig-

ure 6a-b). Openings may also contain occupied regions, for example, due to
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Opening         Occupied     Occluded 

(b) (c)

(d) (e) (f)

(a)

Figure 6: Opening detection. (a) Reflectance image of a wall surface. (b)

Corresponding depth image. (c) Detected lines overlaid on edge image. (d)

Openings detected by the SVM-based detector, with each cluster of open-

ings in a different color. (e) Prototype openings after clustering, superim-

posed on IF . (f) Final labeling with openings masked out. (Figure reprinted

from Adan and Huber (2011))
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a window-mounted air-conditioner. We overcome the challenge of modeling

partially occluded or occupied openings by learning a model of the typi-

cal size, shape, and location of openings from training examples. In regions

where information about the boundary is unavailable, the learned model pro-

vides guidance based on other, similar situations where the information was

available. Our algorithm detects and models rectangular-shaped openings,

which is the predominant shape in most buildings. It uses features computed

from the occlusion labels and from depth edges to learn a model of openings

using a support vector machine (SVM) classifier.

The classifier uses a set of fourteen features for deciding whether a hy-

pothesized opening is an actual opening or not. An opening hypothesis Θ is

a rectangular region in Ij with width w and height h located in a surface of

width W and height H. The features for an opening hypothesis are as fol-

lows: 1) area (wh); 2) aspect ratio (w/h); 3-4) size relative to encompassing

surface (w/W and h/H); 5-8) distances from the sides of Θ to the edges of

the surface; 9) residual of TLS plane fit of points inside Θ; 10-12) percent-

ages of pixels within Θ labeled E, F, and O; 13) number of hypotheses fully

contained within Θ; and 14) number of inverted U-shapes (i.e., rectangles

located at the bottom of the wall). Feature 13 focuses on hypotheses that

belong to an outer window frame that contains hypotheses for individual

window panes. Feature 14 focuses on doors, which often contain inverted

U-shapes in their interior frames.

For training, the algorithm uses features computed from a set of manually

labeled examples to learn an SVM with a radial basis function (RBF) kernel.

At run time, we create opening hypotheses from depth edges extracted from a
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range image. The range image is created by projecting points within a given

distance of the surface Sj onto the surface. We use the Canny algorithm to

find edges in the resulting range image and then find strong horizontal and

vertical lines using a Hough transform (Figure 6c). This process produces

a relatively small number of potential opening boundaries, and it is feasible

to exhaustively enumerate and evaluate opening hypotheses. A hypothesis

is eliminated if it does not have sufficient support from the edge image in

terms of the percentage of the boundary that contains detected edges.

The result of the classifier is a set of opening hypotheses that are con-

sidered to be actual openings. In practice, each opening may be covered by

several overlapping detections (Figure 6d). We group overlapping detections

using k-means clustering. The value of k is chosen by minimizing the total

variance within clusters and maximizing the distance between clusters. The

final boundary of each opening is computed from the average of the boundary

positions of the hypotheses within each cluster (Figure 6e-f).

The opening detection process is summarized by Algorithm 4. The sub-

routine range-image computes a range image for the points near Sj. Edge-

detect performs Canny edge detection on an image. The hough-transform-

filter routine uses the Hough transform to find vertical and horizontal edges

from an image. The rectangle-hypotheses subroutine enumerates the po-

tential rectangles within a set of horizontal and vertical lines. The classify

subroutine computes the feature vector for a hypothesis Θ and performs

SVM classification on the result using the supplied opening model. Finally,

the cluster subroutine clusters overlapping hypotheses.
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Algorithm 4 Opening Detection

Inputs: surface Sj, scans O, labeled image Ij, opening model M .

Output: opening hypotheses H2.

R = range-image(O, Sj)

E = edge-detect(R)

EHV = hough-transform-filter(E)

H0 = rectangle-hypotheses(EHV )

H1 = Θ ∈ H0|classify(Θ,M) > t

H2 = cluster(H1)

Figure 7: Occlusion reconstruction. The point cloud for one room before

reconstruction (left) and afterward (right).
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4.3. Occlusion Reconstruction

Once the openings are determined, the occluded regions of the wall are

filled in with an inpainting algorithm (Figure 7). Inpainting is traditionally

used to recover missing regions of damaged photographs (Bertalmio et al.,

2000). The same idea can be extended to 3D to recover missing surfaces

in occluded regions. This step is not strictly necessary, but it improves the

visualization of the results. We use a version of the 3D gap-filling technique

proposed by Salamanca et al. (Salamanca et al., 2008), which is itself a 3D

extension of the image-based Markov Random Field inpainting algorithm

proposed by Roth et al. (Roth and Black, 2005). The method operates on

the 2D range image created in the previous step. Regions within detected

openings are masked out, and a median filter is applied to the remaining

pixels to remove range spikes that sometimes occur at the depths boundaries,

which are due to the mixed pixel effect (Tang et al., 2007). For aesthetic

purposes, the reconstructed regions are degraded using Gaussian noise of

the same magnitude as found in the sensed data. Finally, the range image

is converted back to a 3D mesh for visualization by triangulating adjacent

pixels.

5. Experimental Results

We conducted experiments using data from a building that was manually

modeled by a professional laser scanning service provider. The facility is a

two-story schoolhouse containing 40 rooms. The facility was scanned from

225 locations resulting in over 3 billion 3D measurements.

31



5.1. Patch Classification

In order to handle the large data sets, each scan was sub-sampled by

a factor of 13. For evaluation, the ground truth planar patch labels were

derived from the professionally created model. We label each point in the

input data according to the label of the closest surface in the overlaid model,

and then label each patch by the majority vote of the points it contains.

Furthermore, we manually validated the correctness of these labelings.

In our experiments, we split the data into two sets. We use all 23 rooms

on the 1st floor for training and validation and all 13 rooms on the 2nd floor for

testing. We perform classification on a per-room basis and use leave-one-out

cross-validation to choose the regularization parameter λ. Our training set

contains 780 planar patches, while the 13 testing rooms contain 581 patches.

Below are the features we considered for the experiments. The local fea-

tures we used are patch’s orientation (angle between its normal and z-axis),

area of bounding rectangle, height (max z value), point density, and aspect

ratio (between length and width of the bounding rectangle). Features re-

lated to area and height are normalized on a per-room basis because the size

clutter wall ceiling floor clutter wall ceiling floor

P

0.87 0.84 1.00 0.87

R

0.95 0.66 0.82 0.81

0.86 0.82 0.93 0.93 0.95 0.60 0.82 0.81

0.81 0.88 0.92 0.82 0.97 0.41 0.71 0.88

Table 1: Precision (P) and recall (R) for individual classes from our stacking

algorithm (top row), the conditional random field algorithm, and the LogR

method (bottom row).
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and height of patches in one class may vary from room to room, but the

relative values comparing with largest instance of the room tend to be more

consistent. Local features are chosen to be independent of each other. Also

they are chosen to be discriminative so that patches from different classes

are separated as far as possible in the feature space. The pairwise relations

we considered are orthogonal, parallel, adjacent, and coplanar. During the

cross-validation, we compare different combinations of contextual features

and find out coplanar+orthogonal yields the highest validation accuracy.

Note that the best combination is not the one with all the relations.

We compare with the conditional random field (CRF) approach (Xiong

and Huber, 2010) as well as our base learner LogR trained using only local

patch features. All three algorithms use the same training, validation, and

testing sets as well as the same features described above (except LogR cannot

use the contextual features). To compare the results from all algorithms we

consider the average of the per-class F1 scores. The F1 score of a class k

is the harmonic means of its precision pk and recall rk and is defined as

2pkrk/(pk + rk). Our method achieved an average F1 score of 0.85 over 4

classes while CRF and LogR average 0.83 and 0.78, respectively. Table I

shows the individual class performance of the three algorithms. The highest

confusion is between wall and clutter objects. This is because many wall and

clutter patches possess similar local features due to occlusion. Our method

achieves much higher recall on walls than the local model, which verifies our

hypothesis that context can guide the classification procedure by ensuring

neighboring consistency even when using local features alone is impossible to

distinguish between the two.
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(a) (b)

(c)

(d) (e) (f)

Figure 8: Comparison of results for the stacking algorithm and the LogR

method. (a) A close-up of our method’s output from the room shown in (c).

The LogR’s output on the same region is shown in (b). The mislabeling of two

clutter patches are corrected by considering the orthogonality between them

and their nearby wall patches. (e) and (f) show a close-up of our method’s

and LogR’s outputs from another room shown in (d). The LogR’s misclassi-

fication is fixed by considering it being coplanar with a nearby clutter object.

The errors are highlighted in red and regions of focus are highlighted in white.

Point coloring legend: walls (blue), floors (yellow), ceilings (magenta), and

clutter (green).
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Figure 8 illustrates how coplanar and orthogonal relations help to correct

the misclassification made by the LogR method. The model learns coplanar

objects are likely to belong to the same category and walls are prone to be

orthogonal to each other. Observing two nearby patches being orthogonal

increases the probability of them being wall. Figure 9 shows some detailed

results viewed from the interior of three different rooms. Our algorithm

successfully distinguish wall-like clutter objects (e.g. cabinets) from walls.

The complete output on the 2nd floor can be found in Figure 10 (a). The

main failures occur in the interiors of low built-in closets and in stairwells

(Figure 10b), both of which are atypical situations.

5.2. Detailed Surface Modeling

We conducted two sets of experiments for the detailed wall modeling.

The first evaluation used surfaces produced by a stand-alone wall detection

algorithm described in Adan and Huber (2011). The second evaluation used

the surfaces produced by the context-based modeling algorithm. Our results

for both experiments are similar, but the specifics of which surfaces were

evaluated differ somewhat.

Our algorithm has a few free parameters, which were set by evaluation on

an independent subset of the data. The Hough transform threshold for the

number of edge point votes needed for line detection was set to 90, and the

edge support threshold tsupp was set to 50%. The thresholds α and β were 1

and 2 times the voxel size respectively.

The SVM classifier comprising the opening detector was trained on an

independent set of 370 examples (split 50/50 between openings and non-

openings). This data was further partitioned into a training set (95%) and
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Figure 9: More results. The left column shows the reflectance images of three

different rooms from our data set. The right column shows the classification

results from our algorithm from the same viewpoint. Point coloring legend:

walls (blue), floors (yellow), ceilings (magenta), and clutter (green).
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Figure 10: The classification result for the entire second floor is shown on the

left (10 cm voxels). On the right, an example of misclassification (highlighted

by red) made by our algorithm.

(a) (b) (c)

Figure 11: Example results of the detailed surface modeling algorithm for

entire rooms. a) The room shown in Figure 2. Walls, ceilings, and floors

are outlined in blue, and windows and doors are outlined in red. b) Another

room. c) An example where the opening detection failed due to an arched

window, which violates the assumptions of the algorithm.
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(a) (b)

Figure 12: Example results for all rooms on the second floor. (a) First

evaluation on 6 rooms. (b) Second evaluation on all 13 rooms. Detected

openings are shown in red. Ground truth is overlaid in blue. Wall patches

are shown in green.

(a) (b) (c)

Figure 13: (a) Precision-recall curve for the opening detector performance

with 10 cm voxels. (b) The detector failed on several instances, such as this

one, where some doors of the closet were not open during data collection. (c)

The histogram of the magnitudes of errors in opening boundary positions.
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validation set (5%) for determining the classifier parameters and preventing

overfitting.

In the first experiments, we evaluated the algorithm using 10 of the 40

rooms (4 from the 1st floor and 6 from the 2nd). This data set focuses mainly

on the large and simple rectangular rooms in the building. Figure 12a shows

the results for the 2nd floor rooms. The walls in this data were challenging

due to clutter, with 35% of the total wall area occluded, 15% within an

opening, and the remaining 50% unoccluded.

We focused most of our analysis on understanding the performance of the

opening detection and modeling steps, since this aspect of the algorithm is

considerably less studied than planar wall modeling. We evaluated two voxel

sizes: 10 cm and 5 cm. The smaller size approached the limit of memory

usage in our implementation, and smaller voxel sizes also increase the risk of

missing wall sections due to the fact that most walls are not perfectly planar.

The resolution of the images Ij was set to 2 cm/pixel, which is the resolution

of the final reconstruction.

We considered two aspects of the performance. First, how reliably can

the openings be detected, and second, among the detected openings, how

accurately are they modeled? To answer the first question, we compared the

detected openings with openings in the ground truth model (i.e., doorways,

windows, and closets). The precision-recall curves for the detector, 10 cm

voxel resolution, are shown in Figure 13a. We compute the best threshold us-

ing the F-measure (F = 2PR/(P +R), where P = precision and R = recall).

At this threshold, the algorithm correctly detects 93.3% of the openings (70

out of 75) with 10 cm voxels, and 91.8% with 5 cm voxels. Failed detections
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mainly occur in regions of severe occlusion and in closets for which the doors

were closed during data collection (Figure 13b).

We addressed the second question, regarding the accuracy of the recon-

structed openings, by comparing the ground truth positions of the sides of

each opening with the positions estimated by our algorithm. We define the

absolute error for modeling one side of an opening as the absolute magnitude

of the difference between the ground truth and modeled position of that edge

in the direction normal to the ground truth edge and also within the plane

of the modeled surface. The relative error normalizes the absolute error by

the ground truth width (for the left and right sides) or height (for the top

and bottom) of the opening. The average absolute error was 5.39 cm with a

standard deviation of 5.70 cm, whereas the average relative error was 2.56%.

The second set of experiments was evaluated using all 13 rooms on the

second floor (Figure 12b). In this case, the recognition rate was 88% (61/69),

and the average error in opening size was 4.35 cm. This performance is

slightly worse in recognition rate when compared to the first experiments,

but the set of rooms and openings is more challenging in this case, since we

include all rooms, including hallways and stairwells.

The detailed wall modeling algorithm worked well despite the high levels

of occlusion and missing data in the openings. The opening detection per-

formance was good, and the detection failures were reasonable for the given

data. The accuracy of the boundaries of the openings is good, but could be

improved. On our evaluation data, 36% of the boundaries fall within 2.5 cm

of the ground truth. For comparison, the General Services Administration,

which has established guidelines for BIM accuracy, uses an error tolerance
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of 5 cm for “Level 1” and 1.3 cm for “Level 2”GSA (2009a). We anticipate

that higher accuracy would be achieved using the full resolution point cloud.

The final reconstructions, with the occluded areas filled in, are visually con-

sistent with the manually created ground truth model. We also evaluated

the algorithm on the easier problem of floor and ceiling reconstruction, and

no openings were detected in these surfaces (which was the correct result).

6. Future Work

We are working on several improvements and advancements to our auto-

matic building modeling algorithms. First, we are working on completing the

scan-to-BIM pipeline. The model that we create is a surface-based model,

whereas BIMs are typically represented using volumetric primitives. The

problem of converting surface models to volumetric models has been studied

in the context of reverse engineering machined parts, but is not well-explored

for the problem of building modeling. We are currently developing an algo-

rithm to automatically translate the surface-based model into a volumetric

model and export it in IFC format, which is a standard file format for rep-

resenting BIMs.

The context-based modeling methods work well for our case study, which

contains a wide variety of rooms and geometries, but we want to evaluate

on a more diverse set of environments. Another possible advancement is

to integrate the opening detection and modeling algorithm directly into the

context-based recognition algorithm. A tighter integration would allow us

to more effectively leverage contextual relationships between openings and

walls. For example, the fact that a surface contains a door-like opening would
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support the interpretation of the surface as a wall. The current approach

requires commitment to the wall class before openings are detected. Another

potential improvement is to utilize relationships among multiple rooms. If a

surface in one room is likely to be a wall, then a nearby parallel surface in

the adjacent room with opposite surface normal is likely to be the other side

of the wall. Such an approach could help in situations where one surface is

difficult to recognize due to clutter or occlusions.

We are also investigating ways to improve the detailed surface modeling

algorithm. First, we are looking to improve the boundary accuracy, which

may be limited by the simple opening model that we use. Windows and door-

ways are normally surrounded by moldings and casings that exhibit typical

geometries. Laser scanners also often sense the muntins and rails that di-

vide windows into panes. These patterns can confuse the current algorithm

because it does not understand such features. Along these lines, we have

preliminary work on modeling linear moldings surrounding doorways and

windows (Valero et al., 2011). We are also considering ways to incorporate

color and laser reflectivity information into the modeling algorithms.
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Nüchter, A., Hertzberg, J., 2008. Towards semantic maps for mobile robots. Robotics and

Autonomous Systems 56, 915–926.
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