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Abstract – Semantic segmentation of 3D models of 

ancient and historic buildings is an important modern 

Cultural Heritage topic. This work reports our 

preliminary results on the creation of a software 

system for partial semiautomatic semantic 

segmentation of building 3D models produced by 

photogrammetric surveys, and their fruition by Web 

technologies. These results were obtained in 

collaboration with Corvallis SPA (Padua – Italy, 

http://www.corvallis.it). 

 I. INTRODUCTION 

Nowadays computer technologies, such as 3D 

surveying, information systems, real-time model 

rendering, and virtual/augmented reality, allow enjoying 

and studying Architectural Heritage with a visual and 

integrated approach. 3D models in form of polygon 

meshes or point clouds can be built from reality by image 

and/or range data, and can later be segmented, classified, 

and annotated, then storing models and metadata in 

databases to be accessed via the World Wide Web. 

Professionals in the field as well as tourists can benefit 

from such techniques, the former for better heritage 

comprehension, management and protection, the latter for 

virtual tours before actual travels, as an alternative to the 

usual 2D souvenir photos, and to support crowdsourced 

3D model databases.  

 

In order to provide a high level of information, 3D digital 

representations (e.g. of a monument) need to be 

semantically enriched by adding annotations, which 

should be associated to the model as a whole, but also 

and above all specifically to its significant parts. 

Partitioning a model is a process known as segmentation. 

When the segments are meaningful, e.g. they reflect a 

(monument) decomposition into its standard architectural 

elements, and these elements are conveniently annotated, 

we obtain a semantic segmentation. As an example, an 

order [1] consists of three parts: the entablature, the 

column, and the crepidoma or the pedestal; each 

component can be further subdivided, e.g. the entablature 

consists of the cornice, the frieze, and the architrave; the 

column is composed of the capital, the shaft, and (not 

always) the base, and so on. The partition process goes on 

until we obtain “atomic parts” which are the basic 

elements of classical architecture. As to metadata, each of 

these parts has a name, it may have material information, 

a history, details on the conservation status, etc. Metadata 

should be assigned by respecting a field-specific 

ontology; the standard formal ontology for Cultural 

Heritage (CH) is the CIDOC Conceptual Reference 

Model (CRM) (http://www.cidoc-crm.org/) by the 

International Council Of Museums (http://icom.museum), 

which provides definitions and a formal structure for 

describing the implicit and explicit concepts and 

relationships used in CH documentation; extensions of 

CIDOC-CRM exist, more specific to Architecture, such 

as CRMba (http://www.cidoc-crm.org/crmba/home-7), 

created to support building documentation.  

When semantics is expressed in standard ways, ideally 

the data is ready for the semantic Web and could be used 

by machines not just for display purposes, but also for 

automation, integration and reuse across various 

applications.  

This work reports our preliminary results on the creation 

of a software system for partial semiautomatic semantic 

segmentation of building 3D models produced by 

photogrammetric surveys, and their fruition by Web 

technologies.  

 II. METHODS 

This section reports some details on segmentation 

(subsection A) and annotation with Web fruition 

(subsection B). 

A. Segmentation 

A variety of algorithms, coded in C++ with PCL (the 

Point Cloud Library, [2]) and some Matlab parts for 

prototyping, were integrated in our software system so as 

to obtain the segmentation of buildings into (some of) 

their salient architectonic elements, such as stairs, 

columns (in turn broken up into capital, shaft and base), 

doors, windows.  Many techniques exist for point cloud 
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or mesh segmentation, such as region growing, model 

fitting, machine learning approaches [3]. Unfortunately, 

no single method is able to manage all the desired 

segmentation goals, so we designed our system with a 

modular approach, i.e. as a framework in which the 

implementation of new techniques might be easy. We 

used both ideas from the literature and our own 

algorithms, consistently integrating them in our system. 

Following this idea, a number of segmentation priorities 

were identified. Before all, horizontal and vertical plane 

identification was achieved by RANSAC (RANdom 

SAmple Consensus)  [4-7]: this step is preliminary to all 

the other segmentation tasks, because it allows the 

identification of walls and the floor, and the ceiling if 

present in the model. Wall identification was important in 

order to prepare for the recognition of openings (doors 

and windows) [8] and to define the interior and the 

exterior of buildings. Stairs were identified by a 

generative approach, in which parametrically generated 

shapes are localized in the model by fitting procedures. 

Circular-section columns were identified by ground 

histogram calculation.  

The segmentation process is of course not completely 

automatic, because some parameters must be set in 

accordance with the particular model features, and is not 

flawless. Tests are currently underway.  

In the following paragraphs some more details and some 

results will be given concerning the detection and 

localization of straight stairs and round cross-section 

columns. 

Straight stairs 

The three main motivations for stairs detection are: 

(1) applications allowing robots to explore buildings with 

more than one floor (multi-storey path finding) [9–11], 

(2) stairs detection as an aid for the visually impaired 

[12–14], (3) semantic segmentation of Cultural Heritage 

3D models [15, 16]. 

In the first two cases the point clouds are generally 

organized because they derive from RGB-D data, while 

CH applications use unorganized clouds coming from 

photogrammetry or laser-based reconstruction: this means 

that the algorithms for cases (1) and (2) are usually not 

directly applicable to case (3) [11], but they may anyway 

suggest methods valid for unorganized point clouds. 

 

Various techniques are used in the literature. Some of 

them, like the approach described in this paper, rely on 

edge point extraction as the first step. For example in [9] 

edge points are detected in RGB-D images by the 

Concave Hull algorithm available in the PCL framework, 

then classification relies on depth and geometric 

information. In [10] a supervoxel clustering–based 

staircase extraction algorithm is proposed. Paper [11] 

develops a graph-based detection method for point 

clouds, which first segments planar regions and extracts 

the stair tread and riser segments. With these segments, a 

dynamic graph model is initialized that is used to detect 

stairs. See [11] also for a good review of some previous 

approaches useful for unorganized point clouds, and for a 

discussion on plane-based and edge-based methods. In 

[12], four types of obstacle: walls, doors, stairs, and a 

residual generic class of obstacles on the floor are 

detected in RGB-D data; stairs are found by searching for 

points on planes at increasing height from the ground, 

with a given step height (with a tolerance).  In [13] depth 

maps, calculated from RGB-D or stereo data, are used to 

feed a classifier. The Authors of [14] propose a staircase 

detection algorithm in RGB-D data, based on a support 

vector machine (SVM): the candidates are detected from 

RGB frames by extracting parallel lines (by the Hough 

transform), and the depth frames are employed to classify 

the staircase candidates as upstairs, downstairs, and 

negatives (e.g., corridors).  

Turning to Cultural Heritage, in paper [15] we find an 

application developed specifically for unorganized point 

clouds in the context of CH, in which the creation of 

“digital libraries” of objects is explored. The paper relies 

on a generative modeling approach, in which 

parameterized object models are built by GML, the 

Generative Modeling Language, and fitted to the point 

cloud (by subpart fitting without previous segmentation).  

Another generative and fitting approach is described in 

[16], in which an interactive framework to extract hi-level 

primitives (e.g. columns or staircases) from scanned 3D 

models is presented.  

Our approach is inspired by [15], in that it is generative 

and ideally automatic, but it aims at minimizing the large 

computational effort necessary for 3D subpart fitting, by 

a preprocessing step which reduces the fitting problem to 

two dimensions, by detecting the horizontal straight 

edges in the point cloud and then considering only the 

pattern of their mean points. 

 

Before exposing the details of our stairs detection 

algorithm, and to define its application context and limits, 

it is useful to give the relevant terminology and to 

describe the various types of stairs as classified by 

geometrical considerations [17].  

Stairs are composed of series of steps (flights) with 

landings at appropriate intervals. Each step consists of a 

tread (the horizontal part, with its depth and width) and a 

riser (the vertical part between treads, with its height).  

According to the diverse arrangements of the steps, we 

can distinguish: straight stairs (they may consist of either 

one single flight or more than one flight with landings, 

with no change in direction; they can also allow a change 

in direction, in which case we have parallel or angle 

stairs, such as quarter-turn stairs, half-turn or dogged-

legged stairs, etc); circular stairs; spiral stairs, and others. 

Some Authors consider as straight stairs only those 

without direction change. We decided to concentrate on 
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straight stairs, with or without direction change, so that 

we could assume parallel stairs edges. 

In our approach, a parametric generative model was 

chosen for its versatility. We decided to reduce the 

problem complexity by projection to a 2D space before 

attempting model fitting. For this purpose, our algorithm 

first detects the most significant edge points in the cloud 

(Step 1) and finds the straight edges by RANSAC 

(Step 2); then only the horizontal edges are preserved and 

clustered into groups of parallel segments (Step 3); the 

clusters are projected to a plane perpendicular to the 

segments, so getting a spatial pattern of points 

representing the cluster (Step 4); finally a parameterized 

generative model of stairs is fitted to the point patterns 

(Step 5), giving a figure of merit and the stairs 

parameters; if the fit is satisfying, the position of the 

found stairs in the original 3D world is found, and a 

bounding box is visualized in the cloud. The procedure 

steps are detailed below.  

 

Step 1: Edge points are detected by the method described 

in [18] in which, instead of following the common 

approach of using geometric features such as normal 

vectors and curvatures, the Authors propose a fast and 

precise method to detect sharp edge features by analysing 

the eigenvalues of the covariance matrix that are defined 

by each point k-nearest neighbors. The C++/PCL code for 

edge detection was kindly shared by the Authors. 

 

Step 2: RANSAC is used to detect straight lines in the 

edge point cloud.  

 

Step 3: the edges are clustered, using as features the stair 

direction (one of the two non-zero direction cosines of the 

edges) and the three coordinates of the edge center. 

Several clustering algorithms were tested The most 

performing method, i.e. the one that clustered the stairs 

edges in the most correct way, collecting in a same group 

almost all and only the detected edges pertaining to each 

flight of stairs, was DBSCAN (Density-Based Spatial 

Clustering of Applications with Noise)
1
 [19], a density-

based clustering algorithm which can potentially identify 

clusters of any shape in a data set containing noise and 

outliers. A larger weight was given to the direction 

feature because only strict parallel edges could belong to 

the same stairs (no spiral or circular stairs!). 

 

Step 4: For each cluster, a plane is now defined, normal 

to the cluster edges, and the edge centers are projected 

onto it, so giving a planar pattern of points representing 

the possible stairs. The coordinates of these points on the 

plane are defined by introducing a pair of basis vectors on 

the plane, i.e. a (u, v) pair of orthogonal unit vectors. Of 

                                                 
1
 http://yaikhom.com/2015/09/04/implementing-the-

dbscan-clustering-algorithm.html 

course there is no unique way to define u and v, but a 

convenient way may be as follows. Say n = (a, b, c) is the 

plane normal unit vector: in our case, a is the average x 

direction cosine of the edges in the cluster, b ~ 0 (y being 

the vertical axis, and the edges being horizontal), and 

c = sqrt(1 – a
2
). Then we can set: 

 

u = (c, 0, –a) 

v = n × u 
(1) 

 

where the symbol × represents the cross product. 

We now project each edge center (xc, yc, zc) onto the 

(u, v) plane and calculate its (uc, vc) coordinates by dot 

product: 

uc = u  (xc, yc, zc) 

vc = v  (xc, yc, zc) 
(2) 

 

where the origin of the (u, v) coordinates is the world 

origin (0, 0, 0). Each point ideally comes from an edge, 

so marking the transition from riser to tread, or from tread 

to riser.  This pattern can contain noise (points due to 

incorrect edges) and may miss some points related to 

edges that were not found in Step 2.  

 

Step 5: A point pattern is generated as a stairs model 

(each point representing the projection of a stairs edge as 

in step 4), depending on the following stairs parameters: 

the number of steps, riser height, tread depth, 3D stair 

position (i.e. the position of the center of first edge of the 

lowest step). The model is fitted to the patterns obtained 

in step 4, and the optimized parameters as well as the 

value of the objective function as a figure of merit are 

returned. The returned values are then automatically 

evaluated in order to accept or reject the cluster as 

representing stairs. The point fitting algorithm which 

gave the best results in terms of robustness and accuracy 

was Coherent Point Drift (CPD) [20]. Figure 1 shows an 

example of model matching. 

 

After the stairs are detected, the full model consists of the 

following parameters: lower-step center coordinates, 

stairs direction parameter in the horizontal xz plane, the 

number of steps, tread depth, riser height, step width. 

 

The procedure was tested on synthetic and real-world 

models. Step 5, in particular, was tested against synthetic 

point patterns, and the fitting procedure was stressed by 

adding noise to the ideal point position, by inserting 

points not corresponding to stairs edges, and by removing 

significant points. 

 

Figure 2 shows the application of the algorithm to a 

synthetic case of study. 
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Fig. 1. Point-pattern fitting. The small circles are the 

real-world points obtained by projecting the edges 

centers (in an edge cluster) onto a plane perpendicular to 

the edges (step 4; u and v are the coordinates in the 

projection plane). There are some outliers 

(corresponding to erroneous edges), points are noisy, 

and some may be missing. The model is on the left. The 

fitted model perfectly reconstructs the stairs silhouette. 

 

 

   

      
 

Fig. 2. A case study. The stairs model (top-left picture) 

was downloaded from https://archive3d.net (model 

N290716). The model  was converted to a point cloud by 

the open-source CloudCompare software 

(http://www.cloudcompare.org/), the edge points were 

found (top-right image), then the straight edges were 

detected and the horizontal ones were clusterized 

(bottom-left picture; light-grey edges are those rejected 

as outliers). The straight stairs were then detected as 

explained in the text, and automatically highlighted with 

bounding boxes (bottom-right picture). 

Round cross-section columns 

Few papers in the literature deal with column detection 

for CH 3D scenes. The already cited Ref. [15] applies 

generative models also to columns and arcades, while  in 

[21] round and rectangular cross-section columns are 

located by ground histogram calculation. For the sake of 

performance, we chose the latter approach, which 

decreases the problem complexity from 3D to 2D. We 

decided to limit our tests to circular columns for now.  

Ground histograms were obtained by projecting the point 

cloud to the ground plane, and by evaluating point 

density on the plane. The vertical structures present in the 

point cloud left easily recognizable signatures in the 

point-density map, e.g. circular columns produced 

circular shapes that could be quite straightforwardly 

located by the Circular Hough transform (CHT), leading 

to column detection and segmentation. Columns were 

then partitioned into their constituent parts. Details on the 

procedure follow.  

 

Step 1: after downsampling, the point cloud is projected 

to the ground plane.  

 

Step 2: with the purpose of calculating point density in 

the projected cloud, and finding the signature of vertical 

structures, an octree is built out of the cloud, and box-

searching is performed in each cell so as to measure each 

cell occupancy; an image is then built, containing a pixel 

per octree cell, with value proportional to point density in 

that cell. 

 

Step 3: the Circular Hough Transform [22] is applied to 

the image created in Step 2, so as to find circles if 

present, i.e. the signatures of columns. 

 

Step 4: the centers and radii of the found circles give 

information on the horizontal coordinates of the columns, 

but nothing is known about their vertical position and 

size: therefore, a region, centered on each column center 

and slightly larger than the column diameter, is searched 

for a cylinder by RANSAC; looking for cylinders only in 

the regions located by CHT reduces false positives. 

 

Step 5: after mesh building, the columns are finally 

segmented into their constituent parts  (capital, shaft and 

base) by convex decomposition [23]; this algorithm 

computes a hierarchical segmentation of the mesh 

triangles by applying a set of decimation operations to the 

mesh dual graph, guided by a cost function related to 

concavity: the generated segmentation is then exploited to 

construct an approximation of the original mesh by a set 

of convex surfaces; the generated convex hulls can be 

used as space filters to segment the original points of the 

point cloud. Segmentation is not always accurate enough, 

causing small segments under the column base or in the 

architrave – beside the three main column parts – to be 
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returned. To overcome this problem, the longest segment 

is identified and assigned to the shaft, and the two 

segments connected to it from above and from below are 

selected as the capital and the base respectively, 

disregarding the other parts if present. Of course, 

segmentation quality is affected by the model quality. 

 

Figure 3 shows the application to a model of the Gerrard 

Hall (North Carolina) reconstructed by photogrammetry 

from a set of about 100 pictures available at 

https://colmap.github.io/datasets.html (see the figure 

caption for details).  

 

   
 

Fig. 3. The Gerrard Hall (North Carolina) model, after 

column detection and segmentation into the component 

parts. Top: a view of the model, with the segmented 

columns; bottom-left: the density map of the model 

projected to ground, after CHT application (the column 

signatures are shown); bottom-right: the four columns 

segmented into capital, shaft, and base (the convex hulls 

produced by the segmentation algorithm are shown). 

 

 

B. Semantic annotation and Web fruition 

 

After segmentation, the system allows annotation 

according to a limited set of standard CIDOC-CRM 

classes and properties, e.g. respectively entity E22 (Man-

Made Object) and property P46 (is composed of), for 

future compatibility with the semantic Web. The models 

are then converted into the progressive-mesh Nexus file 

format [24, 25]. Progressive meshes allow a smooth 

choice of LOD (Level of Detail) depending on the current 

view (i.e., model distance, framing, device power). With 

this approach it is possible to initially display a model 

with the lowest LOD and then let it gradually show more 

and more details, with effective real time visualization. 

As to Web fruition, our HTTP pages are dynamically 

built based on 3DHOP [26] for real-time model drawing, 

and some javascript code for semantic annotation 

visualization by an information tree linked to the model: a 

click on the model hotspots, defined by the previously 

segmented architectural elements, allows to select the 

corresponding tree node, and vice versa (see Figure 4). 

 

 

Fig. 4. The Gerrard Hall model inserted in our Web 

system prototype, using 3DHOP and some javascript 

code for tree management. Hotspots were inserted at 

column parts, and used as links to the semantic-structure 

tree shown on the right. Clicks on the model allow 

navigating the tree. 

 III. CONCLUSIONS 

A software framework for the semantic segmentation and 

Web fruition of Cultural Heritage 3D models produced by 

photogrammetry was presented. Two segmentation 

modules (straight stairs and circular-section columns) 

were detailed, and the Web system prototype was shown. 

The software proved successful in a number of 

monument models and synthetic point clouds. 

Nonetheless the framework is still under development, 

with many segmentation modules relying on parameter 

tuning. The development will continue, with new 

modules added to the framework, and limitations 

hopefully removed.  
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