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Abstract. A system designed and developed for the three-dimensional (3-D) reconstruction of cultural heritage
(CH) assets is presented. Two basic approaches are presented. The first one, resulting in an “approximate” 3-D
model, uses images retrieved in online multimedia collections; it employs a clustering-based technique to perform content-based filtering and eliminate outliers that significantly reduce the performance of 3-D reconstruction
frameworks. The second one is based on input image data acquired through terrestrial laser scanning, as well as
close range and airborne photogrammetry; it follows a sophisticated multistep strategy, which leads to a “precise” 3-D model. Furthermore, the concept of change history maps is proposed to address the computational
limitations involved in four-dimensional (4-D) modeling, i.e., capturing 3-D models of a CH landmark or site at
different time instances. The system also comprises a presentation viewer, which manages the display of the
multifaceted CH content collected and created. The described methods have been successfully applied and
evaluated in challenging real-world scenarios, including the 4-D reconstruction of the historic Market Square
of the German city of Calw in the context of the 4-D-CH-World EU project. © 2016 SPIE and IS&T [DOI: 10.1117/
1.JEI.26.1.XXXXXX]
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1 Introduction
The digitization of cultural assets, including the creation of
three-dimensional (3-D) models of cultural heritage (CH)
objects, landmarks, and sites, is one of the most significant
challenges in the context of CH preservation. When it comes
to large-scale outdoor cultural sites, weather conditions,
natural phenomena, excavation, and restoration procedures
may introduce alterations in the course of time, thus dictating
a need to consider the time-varying factor, leading us to the
challenge of four-dimensional (4-D) modeling (3-D geometric dimensions plus the time).
Several methods have been proposed in the literature for
3-D modeling: image-based methods that exploit photogrammetric aspects in creating high fidelity 3-D maps,1,2
photometric stereo that exploits light reflection properties
for 3-D modeling,3 real-time depth sensors such as Kinect
to create cost-effective but of low fidelity RGBD images,4
structured light technologies with the capability of simultaneously capture 3-D geometry and texture,5,6 and laser scanning for large-scale automated 3-D reconstruction.7–10 Each
of the aforementioned methods presents advantages and
drawbacks. Automatic photogrammetric matching techniques present the advantage of creating high fidelity 3-D
point clouds, but the respective accuracy falls in cases of uniform texture images.
Photometric stereo can be applied either for improving the
results of image-based matching or for reconstructing
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transparent/specular surfaces, where conventional methods
fail. Real-time depth sensors, such as Kinect, present the advantage of providing cost-effective 3-D modeling, but the
respective 3-D meshes are of low resolution and therefore
not suitable for many CH application scenarios (e.g.,
reconstruction and monitoring). Structured light 3-D methods are suitable for high accuracy modeling but present difficulties in scanning large-scale archaeological sites. Finally,
3-D laser scanning alone presents the advantage of automation, but it fails in capturing textured point clouds and the
cost of 3-D modeling is high due to use of expensive terrestrial laser scanners (TLSs).
The construction of high fidelity 3-D models using the
most precise among the above methods certainly contributes
to the preservation of detailed, precise digital models of
important CH objects, landmarks, or sites. However, it is
also a complex, arduous process—let alone when repeated
at different time instances to capture changes—that requires
a great amount of varied resources, such as specialized
equipment, manual labor, professionals’ expertise, and
time. It is therefore both computationally and financially
expensive.
In contrast to the aforementioned approaches where input
image data acquisition is a complex, often sophisticated, and
certainly nontrivial process, web multimedia repositories
(such as Flickr, Picasa, and Photosynth) contain millions
of photos uploaded by users, including a significant number
cover CH objects, monuments, and sites. These repositories
1017-9909/2016/$25.00 © 2016 SPIE and IS&T
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constitute a valuable source of image data that could be leveraged for CH e-documentation. However, there have been
limited technological tools and research methods for retrieving, mining, and ultimately exploiting such vast CH collections for 3-D reconstruction applications, although important
works11–13 have shown that geometry can be recovered for
uncontrolled internet collected data. In general, one significant drawback of exploiting “in the wild” web image collections is that irrelevant images, namely outliers, are bound to
“infiltrate” an input data set that was created as a result of an
online query. Such outliers severely deteriorate the performance and computational cost of 3-D reconstruction algorithms, such as structure from motion (SfM),14,15 in which
the computational cost also significantly increases with
respect to the amount of input data. These facts make the
direct application of such reconstruction methods difficult
for large volumes of image data and usually dictate the
need for content-based filtering, outlier removal, and clustering methods.
Previous works in these areas include content-based image
retrieval (CBIR) tools that mine relevant images from large
repositories based on a visual matching process since they
use image filtering and clustering algorithms to appropriately
organize image data into groups of similar visual properties.
Therefore, CBIR methods can be considered suitable tools
toward efficient content-based image filtering.16 Min and
Cheng17 proposed the dominant color descriptor to encode
visual information, with clustering performed using fuzzy
support vectors machines; however, its performance depends
on illumination conditions since color descriptors are used to
encode visual information.
In some works, textual or geolocation information are
exploited to filter out the retrieved results. Papadopoulos
et al.18 described an image analysis algorithm that automates
the detection of landmarks and events from large multimedia
databases to improve content-consumption experience. The
idea of geoclustering was also exploited by Zheng et al.19 for
retrieving landmark images. However, the retrieved set contained many image outliers that are photos of several adjacent landmarks. Although such approaches are useful for
CBIR applications, where the aim is to extract similar images
upon a query, they present many shortcomings when applied
in the context of 3-D reconstruction scenarios. Toldo et al.20
employed agglomerative clustering to build a hierarchical
framework for structure-and-motion (Samantha), which
proved more efficient than the sequential approach when
applied to datasets of ∼300 images.
One of the first works21 in introducing the concept of 4-D
modeling involved simple time evolved 3-D models that
have been developed to display the progress of a construction
plan in time. This concept was also attractive in industrial
design,22 for construction schedule control23 or even environmental purposes.24 Recently, a Bayesian framework was
introduced25 to handle the problem of automating the
recovery of temporally consistent animated 3-D models of
arbitrary shapes in multicamera setups. This approach
addresses several issues in this field that include large
frame-to-frame deformations, noise, missing data, outliers,
and shapes composed of multiple components with arbitrary
geometries. An application of the idea of 4-D modeling in
simple museum collections is presented in Ref. 26.
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In the field of 4-D reconstruction of CH landmarks, one of
the first large-scale efforts is the European research initiative
Four-Dimensional Cultural Heritage World (4-D-CHWorld),27,28 which integrates and validates a multidisciplinary research agenda of computer vision, multimedia, databases, and photogrammetry. It is in the context of which the
system presented in this paper has been designed, implemented, and validated.
In the presented work, we aim at reaping the benefits of
both types of approaches mentioned above in the direction
of eventually effecting 4-D modeling. The precision and detail
offered by sophisticated photogrammetric data acquisition
and reconstruction methods, as well as the exploitation of
the abundant CH-related images available online, enabled a
3-D modeling input by means of appropriate content-based
filtering, outlier elimination, and clustering techniques. The
concept of change history maps then exploits and combines
the benefits of both approaches, effecting 4-D reconstruction
in an efficient and realistic fashion.
The core part of the system (Fig. 1) is the 3-D
reconstruction framework. The selection between the two
distinct approaches presented in this work pertains mainly
to the nature of the asset being reconstructed (object, building, landmark, and site), the existence of imaging and other
kind of input data, the resources available, and the outcome
quality pursued. In the first approach, 3-D reconstruction of
the asset is based on photographs that are retrieved from online image collections, such as Flickr, Picasa, and Google
images and then processed and used as input to 3-D
reconstruction techniques, such as SfM. One of the main
issues that has to be addressed here is the detection of irrelevant (or only loosely relevant) query results, i.e., outliers,
which severely affect the reconstruction’s performance
and computational cost. To this end, a content-based filtering
method is employed to eliminate outliers from the input data
set, followed by a 3-D modeling process along with an additional computational enhancement based on spectral clustering (Sec. 2). The 3-D model obtained through this process is
considered to be “approximate,” in contrast to the “precise”
3-D reconstruction that is achieved by our second approach
presented in Sec. 3. This approach is based on photogrammetry and involves many (often demanding) tasks, including
acquisition of data from various sources (terrestrial laser
scanning, close range, and airborne imagery), photogrammetric image registration, geometric reconstruction, and texture mapping. This sophisticated approach is suitable in
cases where precise, detailed 3-D reconstructions of larger
scale assets are required, such as the use case presented in
this work, the reconstruction of the historic Market
Square of Calw city in Germany.
Moving one step further in CH preservation, it is interesting from a historic point of view to capture the changes that
CH assets undergo overtime, i.e., to model them in four
dimensions. In Sec. 4, we describe the concept of change
history maps, which facilitates 4-D modeling of CH landmarks, a process that could otherwise be considered prohibitively expensive in terms of resources needed. Finally, as
the last building block of the system, the CH-virtual reality
(CH-VR) presentation viewer, described in Sec. 5, displays
and manages the presentation of CH content including
imagery, 3-D scans, and 3-D/4-D models.
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Fig. 1 System overview.

2 Building an Approximate Three-Dimensional
Model Based on Content-Based Filtering of
Unstructured Online Images
The 3-D modeling based on images retrieved as a result of
searches in online collections is plagued by outliers residing
within the input data set. In this section, we describe a method
for detection and elimination of outliers. The method29 is
based on content-based filtering, and its basic elements are
described here in brief for the sake of completeness.
We assume that a set of N images are extracted from the
web by performing a search for a specific CH landmark in an
online multimedia repository. The images are represented by
an appropriate visual descriptor, then a visual similarity metric between pairs of images is estimated, and finally a multidimensional scaling algorithm is adopted to relate image
space distances.
2.1 Image Representation by ORB Descriptor and
Visual Similarity Estimation
During the first stage of filtering, local visual descriptors are
used to capture the different geometric perspectives of an object
to be 3-D reconstructed in an endeavor to locate visual similarities among images invariant in affine transformations. In
determining the appropriate descriptor, a variety of descriptors,
such as scale-invariant feature transform (SIFT),30 features
from accelerated segment test (FAST),31 speeded up robust features (SURF),32 binary robust independent elementary features
(BRIEF),33 and oriented FAST and rotated BRIEF (ORB)34
were considered. The selection of ORB was based on its inherent advantages over the other descriptors. In terms of performance, it is better than SURF and faster (almost 2 orders of
magnitude) than the equally performing SIFT. ORB builds
on the FAST keypoint detector and the BRIEF descriptor
and tackles their inherent constraints, i.e., it adds a fast and accurate orientation component to FAST, it efficiently computes
oriented BRIEF features, and it incorporates a learning method
for decorrelating BRIEF features under a rotation invariant
framework. Its main principle lies in locating the image’s keypoints by exploiting FAST feature detector and then associating
each one of the keypoints with a description vector.
Journal of Electronic Imaging

The next step is to estimate the visual similarity between
two images, A and B. To do this, their corresponding points
have to be computed. Correspondences can be estimated by
performing a nearest-neighbor keypoints matching algorithm
between every pair of images. Due to the fact that ORB keypoints are described by a binary pattern, multiprobe locality
sensitive hashing is used for nearest-neighbor search to
exploit the Hamming distance. It has to be noted that, in
some cases, similar images may be characterized by different
contrast, illumination, or shadows, which could be influential factors in further processing steps. In those cases, an
additional normalization step, such as histogram equalization,35 could be required to ensure effective completion of
the reconstruction process.
ðAÞ
Let us denote as ki the i’th keypoint (image corner) of
ðAÞ
image A (extracted via ORB), described by vector f n ½lðpi Þ,
where lðpi Þ is an image patch around pixel pi . Then, the most
ðBÞ
ðAÞ
relevant keypoint kji of image B with respect to ki is
obtained by the following minimization:

 
ðAÞ
ðBÞ
ji ¼ arg min DH f n ½lðpi Þ; f n ½lðpj Þ :
(1)
EQ-TARGET;temp:intralink-;e001;326;291

j¼1;2;: : : ;K

ðAÞ

ðBÞ

Then, keypoints ki and kji are considered as corresponding points.
Having detected all corresponding points between two
images A and B, we can form a set MðA;BÞ that contains
two-way matched pairs of all keypoints between images A
and B. As the number of extracted keypoints for each
image is equal to K, we define a visual similarity metric
between images i ¼ A and j ¼ B as
si¼A;j¼B ¼

EQ-TARGET;temp:intralink-;e002;326;157

jMðA;BÞ j
;
K

(2)

where jMðA;BÞ j refers to the cardinality of MðA;BÞ set.
The output of the aforementioned process for N images is
an N × N symmetric matrix S, sij ∈ ½0;1 i, j ¼ 1; 2; : : : ; N.
sij equals 0 in cases in which the visual content of image i
has no relation with the content of image j. Instead, for two

XXXXXX-3

•

Vol. ()

Voulodimos et al.: Four-dimensional reconstruction of cultural heritage sites based on photogrammetry and clustering

similar images, variable sij equals 1. In the following, we
denote as D the log version of matrix S so that similar images
receive a value close to zero whereas dissimilar images
receive very high values
D ¼ ½dij  ¼ − logðSÞ;

EQ-TARGET;temp:intralink-;e003;63;708

(3)

where D is a square N × N symmetric matrix with nonnegative elements and zeros on the main diagonal. In Eq. (3), dij
stands for an element of matrix D.
2.2 Image Representation on Multidimensional
Manifolds and Density-Based Space Partitioning
By examining the constructed similarity matrix D, it is easy
to observe that the distance between the visually similar
images is small. This means that if images are represented
as points on a multidimensional manifold, then visually similar images will belong to high spatial density subspaces,
instead of image outliers, which will be spread out on the
space. Let us define as xðiÞ ¼ Rμ the coordinates of the
i’th image in the μ-dimensional space. We define the multidimensional space in a way so that the norm (distance)
between two points (images) of the space represented by
the coordinates xðiÞ and xðjÞ is equal to the their respective
distance dij ¼ − logðsij Þ defined as
kxðiÞ

EQ-TARGET;temp:intralink-;e004;63;475

−

xðjÞ k

¼ dij

∀ i; j:

(4)

The representation of images as points on a multidimensional manifold enables us to remove image outliers. Outliers
reside in areas of low spatial density due to their large distance from the other images in the dataset. On the contrary,
visually similar images form a high spatial density area as
depicted in Fig. 2. For this reason, partitioning of the multidimensional manifold into two disjoint subspaces S and S̄,
such that all visually similar images belong to S and all outliers belong to S̄, cannot be performed by either center-based
clustering techniques (e.g., k-means) or more sophisticated
algorithms, such as spectral clustering. For estimating a compact subset of images by exploiting “density variations” in

Fig. 2 Representation of images in a 2-D space. Outliers are scattered and isolated in low-density areas, while visually similar images
are concentrated in a high spatial density area. For this reason, density partitioning methods are used to isolate image outliers and estimate the compact subset of visually compact images.
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space (i.e., focusing on the variation of density of the
data-points instead of their positioning in the space), partitioning should be performed by utilizing a density-based
method, such as density-based spatial clustering of applications with noise (DBSCAN).36
The DBSCAN algorithm partitions the dataset using the
density distribution of images on the multidimensional manifold. In our case, we have two types of images. The first category includes the images that can potentially contribute to
the 3-D reconstruction, i.e., depict different geometric perspectives of the asset. The second category includes all
images whose visual content is dissimilar to the asset discussed and are, therefore, considered outliers. Image outliers
significantly increase the computational complexity of the
3-D reconstruction process providing no improvement to
its accuracy and thus should be removed. Creating the subset
SDB from either density reachable or density connected
points, we minimize the probability of a useful image
being considered an outlier. This, however, implies that
some of the outliers may be included in the target subspace,
increasing the cost of reconstruction at later stages. The outcome of this step is therefore an “outlier-clean” image data
set to be used as input for the 3-D modeling steps that follow.
2.3 Representative Views Extraction for
Computationally Efficient Three-Dimensional
Modeling
In the previous subsections, we described the process
through which a set of images of a CH landmark obtained
automatically from online searches in image databases
undergoes content-based filtering, eventually leading to
the exclusion of outliers. The output images of this process
can then be utilized for 3-D reconstruction of the
discussed landmark via the SfM technique. Although a
3-D reconstruction technique, such as SfM, could be directly
applied to a set of “in the wild” images acquired by means of
an online search, in which case the SfM module would have
to exclude the outliers itself, the overall computational cost
associated with the 3-D reconstruction makes this approach
almost practically prohibitive in real-world cases.
We hereby provide an example where the described process has been applied to a set of images depicting the Porta
Nigra monument in Germany. We have selected the Porta
Nigra monument in this example because a variety of
views from different angles within a quasifull rotation is
available online, whereas in the case of other archaeological
sites (such as the Calw market square), mostly façade images
are available. The images were acquired through an online
search on Flickr. As can be expected, such a search returns
a number of irrelevant or noisy images [see Fig. 3(a)], which
are then excluded as outliers [Fig. 3(b)] by the DBSCANbased method as previously described. In this particular
experiment, 45 images of varying quality, brightness, and
contrast were retrieved, clustered, and cleaned (Fig. 4).
The images were then fed into the SfM module. In particular, VisualSFM37 software was used to derive a sparse
feature point cloud and orientation parameters. Figure 5
shows VisualSFM’s results on determining the cameras’
focal length and positions at the time of image acquisition.
Other software tools could be used such as Agisoft
PhotoScan,38 MicMac,39 and MeshLab.40 A quantitative
comparative study regarding reconstruction accuracy and
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Fig. 3 Retrieved images from Flickr by a query on “Porta Nigra”: (a) initial set and (b) after outlier
removal.29

Fig. 4 Porta Nigra images of varying quality, brightness, and contrast.29

computational cost among these commercial, free, and/or
open-source software tools is shown in one of our recent
works.41 The results show that the minimum computational
time required for the acquisition of a coarse 3-D model is
lower in PhotoScan (commercial software), but the generated model has significantly lower density than the one created by the other toolkits due to the smoothing effect. On
Journal of Electronic Imaging

the contrary, PhotoScan models may contain some holes,
which are not present in other software tools such as
VisualSFM and MicMac. The comparisons were performed
using different parametric settings. VisualSFM was
selected because it is open (free) software and yields
good precision results (although it is slower in terms of execution time).
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Fig. 5 Results from the SfM step.

Attaining an accurate 3-D reconstruction is associated
with providing the SfM module with a large number of
input images. Nevertheless the quadratic space complexity
for a typical incremental SfM technique significantly reduces
the method’s attractiveness and practicality in cases of large
image collections. The outlier removal process described in
Sec. 2.2 certainly helps by detecting sparse image samples
spreading far from the compact subspace of the relevant
images on the multidimensional manifold, but the computational problem still remains when the number of input
images rises significantly.
The aim of this step is to partition the determined compact
subspace into different groups containing the most salient,
representative views of the discussed object. In other
words, the relevant images will be clustered in groups of
low intraclass and high interclass variance, and then only
the most representative images from the formed clusters
will be fed as input to the SfM module. This approach
will reduce the computational cost to a great extent without
compromising the reconstruction quality.
Partitions are created by a spectral clustering-based
method,29 which addresses clustering as a graph partitioning
problem avoiding form-related assumptions. We therefore
assume a graph G ¼ ðV; EÞ, where V denotes the vertices
of the graph and E denotes the respective edges. Vertex
set V coincides with the images of the detected compact subset as it has been extracted by DBSCAN. We also denote as
wi;j the weight of the edge connecting the i’th with the j’th
vertices. In our case, the edge weight wi;j equals the similarity distance between the descriptors of the images corresponding to the vertices i and j: wi;j ¼ di;j ¼ − logðsi;j Þ,
where si;j is the similarity matching between the images i
and j, respectively.
The goal, here, is to estimate those partitions Cr ,
r ¼ 1; : : : ; M such that the similarity distance of all images
assigned to a partition Cr is maximized and the similarity
Journal of Electronic Imaging

distance of all images of Cr with respect to the images
not being assigned to Cr is minimized, while avoiding the
creation of a large number of small partitions by introducing
normalization factors.
Therefore, considering an M-partitioning problem, we
need to estimate clusters that optimize the following
quantities:
P
M
M
X
X
i∈Cr ;j∈Cr di;j
P
C^ r ∶ max Q ¼
NQr ¼
and
di;j
r¼1
r¼1
EQ-TARGET;temp:intralink-;e005;326;379

i∈Cr ;j∈C

min P ¼

M
X
r¼1

NPr ¼

M
X
r¼1

P

i∈Cr ;j∈=Cr di;j

P

i∈Cr ;j∈C

di;j

;

(5)

^ r is the optimal r’th partition and C denotes the
where C
union of all partitions Cr , r ¼ 1; : : : ; M , and C ¼∪M
r¼1 Cr .
Qr refers to the “normalized coherence” of all elements
belonging to the r’th partition, while Pr to the “normalized
separation” value between the elements of the r’th partition
and the remaining ones. In addition, scalars Q and P indicate
the degree of intracluster element coherence for all partitions
and the degree of intercluster separation, respectively.
Although P and Q are scalar, their exact values depend
on the partition r. Hence, for different partition values r, different values for Q and P are derived. Thus, the goal of the
optimization process is to find the most appropriate partition
to optimize P and Q.
It can be easily proven that quantities P and Q are related
by: P þ Q ¼ M. This equation implies that maximization of
Q simultaneously yields a minimization of P and vice versa.
Therefore, it suffices to optimize only one of the two criteria.
To minimize P in Eq. (5), we first rewrite this equation in
a matrix representation form. For this reason, let us denote an
index vector ar ¼ ½: : : aur : : : T , where
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aur ¼

EQ-TARGET;temp:intralink-;e006;63;752

1; if u 0 th image is assigned to r 0 th partition Cr
:
0; otherwise
(6)

We denote as E the adjacency matrix of graph G,
E ¼ ½wi;j , where wi;j are the weights of the graph’s
edges, and as Z the degree matrix of G, given
P as a diagonal
matrix Z ¼ diagð: : : zi : : : Þ, where zi ¼ j∈C wi;j . The
Laplacian matrix L is defined as L ¼ Z − E. Based on
this and after appropriately formulating the numerator and
denominator of P in Eq. (5), the minimization problem is
given in a matrix form as
a^ r ∶ min P ¼ min

EQ-TARGET;temp:intralink-;e007;63;620

M
X
aTr · ðL − EÞ · ar
:
aTr · L · ar
r¼1

(7)

To solve the above optimization problem, we need to relax
the index vector of ar ¼ ½: : : aur : : : T permitting continuous
values, instead of binary ones. This means that we assume
that each image can possibly be assigned to all potential clusters but with different degrees of membership. Let us denote
in the following as IR ¼ ½: : : aRr : : : , where aRr are the relaxed
continuous values of ar . Then the optimal choice for the
relaxed matrix IR is found, as explained in detail in
Ref. 29. In the sequel, this solution is discretized via the
use of the k-means algorithm on the rows of IR . In particular,
we initially normalize the rows of IR to take values between 0
and 1 and then apply the k-means clustering algorithm to
derived vectors to form the indicator matrix I.
The optimization process results in the creation of M optimized clusters. Extracting the most representative images from
each cluster, we have a set of the most representative geometric
views of the CH object or landmark undergoing 3-D
reconstruction. We have therefore managed to find a set SM
of images with limited redundancies, which, used as input to
a 3-D reconstruction framework (e.g., VisualSFM), will significantly reduce the computational cost without significantly compromising the 3-D reconstruction accuracy. If, for some reason,
a better reconstruction quality is required, there are two options:
either reperform spectral clustering having increased the number M of formed clusters or estimate within each already created
cluster the most dissimilar image with respect to the most
representative one. The most dissimilar image is the one
whose distance to the representative image of the cluster is
the greatest, i.e.,
I dri ∶maxDðI i ; I ri Þ;
I i ∈Ci

EQ-TARGET;temp:intralink-;e008;63;256

(8)

where I ri is the representative image of cluster Ci, I i are the
images belonging to cluster Ci, I dri is the most dissimilar
image of cluster Ci, and D is the distance measure.
These M images that have been selected as the most dissimilar in their partitions can further be sorted in descending
order of dissimilarity among their clusters. Therefore, we
now have a pool for potential additional input images by
which to complement the SM input set in the cases where
the need to improve 3-D reconstruction quality dictates
increasing the number of input images. Complementing
the input set SM of the most representative images by the
most dissimilar image will provide the highest amount of
“new information” for the lowest possible computational
cost. If further increase of the input set is required, we
Journal of Electronic Imaging

also select the next most dissimilar image. This process
achieves maximum reconstruction accuracy, keeping the
cost of the computationally expensive SfM stage at the lowest possible levels.
The methods described in this section have been experimentally evaluated29 using a collection of 31,000 internet-gathered images depicting different CH monuments,
archaeological sites, historic places, and churches, including
Porta Nigra in Germany, the Parthenon in Athens, the medieval city of Calw in Gemany, and so on. As regards image
clustering evaluation, the spectral clustering algorithm was
applied to the relevant dataset, i.e., on the dataset obtained
after having removed the respective outliers. Thus, for each
CH object category, a large number of image outliers (noise)
were encountered. Precision, recall, and F-score values were
higher when the amount of noise decreased; e.g., the F-measure ranged from 87% to 99.8% with noise values ranging
from 60% to 10%, respectively.29
3 Building a Precise Three-Dimensional Model
Using Terrestrial Laser Scanning, Close Range,
and Airborne Photogrammetry
In Sec. 2, we described a process to build a 3-D model of a CH
object or landmark based on images retrieved online from
photo collections. The 3-D models built through this process,
albeit often satisfactory for the causes needed, cannot by
nature be considered precise and are far from ideal in cases
where a detailed 3-D representation is pursued (e.g., for
CH preservation collections). Building precise 3-D models
require obtaining and combining a dense point cloud, texture
mapping, and georeferencing information of the landmark
under reconstruction effected via sophisticated laser scanning
and photogrammetry techniques. In this section, we describe
an approach developed and employed in the context of the
4-D-CH-World project for the reconstruction of the historic
Market Square of Calw, a historic medieval town in the
northern part of the Black Forest in Germany; we employ
this approach to reconstruct 3-D photorealistic models of outdoors objects by means of automatically georeferenced highdefinition surveying (HDS) point clouds and still video
images. The latter are used to both detect point features,
which are also found in the 3-D HDS point cloud, and to
serve for photorealistic 3-D models.
3.1 Data Acquisition, Image Registration, and
Postprocessing
Terrestrial LiDAR has always been popular due to its reliable
measurement environment and efficiency. Terrestrial LiDAR
includes many types of TLS systems that measure the time of
flight of the laser and/or the phase shift of reflected continuous waves. Static terrestrial LiDAR provides a precise measurement environment from which most 3-D models can be
generated; however, the irregular circumstances on which the
data are acquired sometimes prevent us from having a complete perspective of the buildings’ facades (see Fig. 6). These
occlusions can be so severe as to force us to repeat the complete scanning of the place due to the complex involved
registration process. Combining static LiDAR with other
systems, such as close range and airborne photogrammetry,
can offer a significant advantage. In addition, airborne
images are required for point cloud acquisition of the roof
landscapes, which cannot be seen by a TLS. An integrated
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Fig. 6 Occlusion-type errors in terrestrial laser scanning.

global positioning system/inertial navigation system aboard
is used for directly georeferencing the images; thus, the local
point cloud can be automatically georeferenced.

focal length. The images have to be taken with high overlap
of around 80% in each step [see Fig. 9(b)].
3.1.3 Automatic registration to align
three-dimensional point clouds

3.1.1 Terrestrial laser scanning data collection
To begin with, point clouds were collected using the Leica
HDS3000 TLS laser scanner. Figure 7 depicts the chosen
buildings with their facades surrounding the square. The performed terrestrial laser scanning using the HDS3000 station
delivered high accuracy point clouds with a mean registration error of 4 mm.
3.1.2 Close range photogrammetric image data
collection
Digital photogrammetric image data pertain to both close
range and airborne photogrammetry. Regarding the former,
the acquisition of digital images concerns the desired coverage
of main facades, switching from higher to lower resolution
perspectives following a technique called “one panorama
each step” (Fig. 8). This method is a key strategy to optimally
connect our RGB low-resolution laser images. Figure 9 shows
the aforementioned sequence for reconstructing main facades
in the model space, where a total of 750 pictures were taken
with a Nikon camera 4288 × 2848 pixels CCD and 20-mm

The registration with regard to the laser point cloud into a
local reference system (typically the laser station) can be performed automatically. The goal is to align the corresponding
points between the model and the object space. The generated point clouds have been aligned with respect to the local
coordination system. For this purpose, natural points are set
at specific positions of the place. Due to the fact that these
points present different reflective purposes, TSL software
can automatically detect them and locate them with respect
to the local coordination system, i.e., of the laser station.
Then, the registration process combines data from imagebased 3-D models to register the clouds into the object
space. To achieve this, the following steps are required:
•

Robust pairwise feature extraction and matching from
all digital images and our generated laser RGB image.
The detected matching is aligned with the control
points of the TSL model.
• Sparse 3-D reconstruction of ties (model space) via
bundle adjustment.

Fig. 7 (a) Calw market square, lower part and (b) point cloud.
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Fig. 8 One panorama each step acquisition strategy.

Fig. 9 One panorama each step acquisition strategy: (a) a sequence and (b) 80% overlap in each step.
•

Datum transformation from model to object space after
parameter estimation using detected control points
from the previous two steps.

Pairwise feature-based image matching for graphics
processing unit (SiftGPU) and multicore bundle adjustment42
was performed in VisualSFM software to obtain the sparse
3-D reconstruction in model space (Fig. 10). Furthermore,
the exterior orientation (EO) parameters of all images are
obtained together with its calibration parameters.
Figure 11(a) shows the extracted features using the
VisualSFM software. Figure 11(b) shows resulting ties in
the projected RGB laser image after matching via SIFT

descriptor, filtering mismatching using random sample consensus (RANSAC) robust estimation process,43 and with
known 3-D coordinates in object space. This computation
assigns corresponding points between the model and the
object space. The registration process may lead to zone
gaps. These are depicted in Fig. 11(c) with different intensity
values. White band gaps are less favorable.
A datum transformation from model to object space is
performed, using the seven parameters similarity transform.
Since the number of observations delivered by the SIFT
descriptor is relatively high, they can be used to fit a stochastic model to the residual data after laser scanning adjustment
to predict the standard deviation of the residuals. The idea is

Fig. 10 Sparse 3-D reconstruction of main facades in model space.
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Fig. 11 (a) Detected features in VisualSFM via SIFT, (b) feature matches and filtering via SIFT descriptor
and RANSAC with known 3-D object coordinates, and (c) intensity images showing white band gaps as
less favorable.

to use the maximum number of control points with normally
distributed residuals by applying a test for outlier detection in
normally distributed data.
A single-outlier detection Grubb’s test and the generalized extreme studentized deviate,44 many outlier detection
test are used for preprocessing of normally distributed
data, considering the resulting dataset to be out of noise.
The parameterization of the data is obtained by maximizing
a likelihood function. In total, 34 out of 190 points were
removed from the data, after four iterations of the laser scanning adjustment. Figure 12 shows the removed points in red
(rhombuses) and the good points in green (crosses).
The registration is visualized using a cloud-to-cloud distances scalar field, with the registered cloud as the reference.
This method computes the distance from each laser point to
its closest point from the registered cloud [Fig. 13(a)].
Figure 13(b) shows the main facades having the smallest distances as expected from a good alignment.
3.1.4 Semiautomatic registration for image-based
registration
The automatic registration method may result in some mismatching, but it significantly accelerates the time needed for
the registration process. To build a more precise scheme, a
semiautomatic approach is followed based on four control

points and the application of the iterative closest point
(ICP) algorithm.45 ICP refines the registration by minimizing
the distances between the corresponding point clouds. To
affect this, a couple of preprocessing steps for the coarse
alignment of the point clouds are included. The proposed
four-step strategy is as follows:
Step 1: Point clouds are aligned coarsely by manually picking four control points, e.g., using CloudCompare opensource software46 (Fig. 14).
Step 2: The seven parameters similarity transform from
model to object space is applied. In our experiment, a
root-mean-square (RMS) of 0.0742 m for the control
points has been obtained (Fig. 15). This metric means
that the reconstruction accuracy is high and has been
improved in comparison to the one derived only from
the image-based modeling as proposed before.
Step 3: Specific regions are selected as input for the ICP
algorithm (Fig. 16).
Step 4: Alignment is refined via the ICP algorithm (Fig. 17).
ICP provides as output the distance RMS to the reference point cloud. The registration quality depends on
factors such as the successful initial partial alignment
of point clouds, a good geometry, and a good spatial
distribution; hence, a careful region selection is crucial.
RMS is a key indicator of the registration quality.
Figure 17 depicts the improvement in alignment accuracy attained by ICP, by the decrease of the RMS from
0.149 to 0.116 m for the entire point cloud. As a result,
the alignment achieved by the ICP can improve
reconstruction accuracy and give higher precision.
3.1.5 Dense image matching
The point cloud derived from the above process is sparse. To
achieve a dense point cloud, the semiglobal matching strategy is adopted in this paper, implemented through the SURE
software47 that was developed by the Institute of
Photogrammetry of the University of Stuttgart. This step
is necessary to get a denser point cloud, which is very useful
for creating a precise 3-D model with the objective of correcting occlusions in the building facades (see Fig. 18).

Fig. 12 Spatial distribution of normal distributed residuals (in green
crosses). Bad points removed are shown in red rhombuses.
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3.1.6 Airborne photographs and georeferencing
Terrestrial laser scanning is fast and efficient and delivers
point clouds of superior quality but suffers from occlusions,
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Fig. 13 (a) Cloud-to-cloud distances scalar field and (b) map of target areas.

Fig. 14 ICP—selected points for first aligment. (a) Point clouds from Imagery and (b) TLS point clouds.

especially in inclined viewing directions. Close range photogrammetry covers panoramas and delivers very dense point
clouds of excellent quality but suffers from lack of information
for the roofs. Therefore, airborne imagery ideally complements the aforementioned two data sources. In our case, airborne photographs were provided by the Landesamt für
Geoinformation und Landentwicklung Baden Wurttemberg.
Georeferenced EO parameters were used to create a digital
surface model in Gauss–Krüger coordinates using the
SURE software. For our developments, a total of six images
with 10-cm ground sampling resolution have been processed.
With the already oriented aerial photographs, georeferenced
point clouds in Gauss–Krüger coordinates are obtained. A
Journal of Electronic Imaging

follow-up semiautomatic registration via the ICP algorithm
is used for georeferencing all available point clouds (Fig. 19).
Each of the above proposed methods presents its own
advantages and drawbacks. The 3-D point cloud accuracy
of a TLS scanner depends on the device precision (in our
case reaches a mean registration error of 4 mm).
However, TLS suffers from high occlusion noise and
lacks texture information. On the contrary, image-based 3D modeling depends on the accuracy of the cameras used
(in our case a Nikon camera of 4288 × 2848 pixels CCD
and 20-mm focal length). The RMS achieved in our case
is 0.116 m after ICP alignment, which is greater than the
one obtained using the nominal accuracy of the TLS scanner
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Fig. 15 (a) ICP—initial orientation of the point and (b) first similarity transform alignment.

Fig. 16 Select the region for the ICP algorithm—point clouds from (a) Imagery and (b) TLS.

3.1.7 Postprocessing
Data acquisition and point cloud alignment are followed by a
series of postprocessing steps. Occlusions in the laser data
can be corrected using close range photogrammetry [see,
e.g., Fig. 20(a)], and missing visual information from
roofs is provided by the airborne data.
Another postprocessing step pertains to the enhancement
of the color of the laser point cloud. The laser color might
contrast with that from the digital camera system. To
improve the definition of the cloud, we can project the
TLS point cloud into the absolutely oriented close range
imagery [Fig. 20(b)].

Fig. 17 Registration via the ICP algorithm (RMS ¼ 0.116 cm). The
high-resolution cloud (in green) is chosen as the data and the lowresolution cloud (in red) as the reference model.

(4 mm). Nevertheless, by combining laser scanning and
image-based modeling, we can increase 3-D modeling precision. Image-based modeling is more robust to occlusion
noise while offering texture information, especially for the
facades of the buildings; finally, when it comes to reconstructing buildings’ rooftops, airborne images are needed
to capture the required visual information.
Journal of Electronic Imaging

3.2 Three-Dimensional Modeling
Creating a photorealistic 3-D model involves two main parts:
geometric reconstruction and texture mapping.
3.2.1 Geometric reconstruction
Geometric reconstruction aims to fit standard surfaces to the
point cloud. Basic geometric shapes are patches, cylinders,
spheres, cones, elbows, and line segments; as such, losing
some geometric details cannot be ruled out, although the
proposed technique leads to good overall results. In this
project, we use the software package Cyclone, from Leica
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Fig. 18 Very dense 3-D reconstruction using absolute oriented images.

Fig. 19 Automatic reconstruction of point clouds of the roof landscapes using airborne photographs. In green are the types of region
from the TLS point clouds for georeferencing via ICP.

Geosystems, to mainly fit patches and corners, as most of the
reconstructed objects are facades. A patch can be used to
reconstruct the walls while the corners are set at the point
of intersection of corresponding planes.
A good cloud segmentation and a high level of model
detail can speed up the process (Fig. 21).

3.2.2 Texture mapping
Texture mapping concerns the image perspective, exposure
time, and occlusions in the camera field of view. The image
perspective problem can be solved using the eight parameters
projective transformation, while occlusions are fixed manually via extraction and mapping. Corrections of perspective
for texture mapping are performed using the Trimble
Sketchup software.48 If the frontal view of an object is
not appropriate or even available due to possible occlusions,
a lateral view can free the image from the occlusion at an
acceptable cost in texture mapping (perspective effect, see
Fig. 22). Thus, the algorithm adopted takes into account
multiple views of the image and applies interpolationbased schemes to make improvements at regions near occlusions and discontinuities. The key idea is to combine color
from different regions to “paint” point clouds, so discontinuity details and edges will be smoothed. Finally, some results
of the texture mapping process delivering photorealistic 3-D
models are given in Fig. 23.
4 Four-Dimensional Modeling
Capturing the spatio-temporal changes of important sites is
an important aspect of CH preservation. The Calw City

Fig. 20 Before and After. (a) Correcting an occluded facade via close range photogrammetry and
(b) Calw market buildings—before and after point color enhancements.
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Fig. 21 3-D model of Calw market square.

Fig. 22 Perspective effect in texture mapping.

Archive, e.g., hosts a large variety of photos, old town plans,
building plans, sketches, and paintings dating back to the
early medieval ages. In the context of the 4-D-CH-World
project, several photographs from the period between
1880 and 2000 have been identified, scanned, and processed.
An indicative example is provided in Fig. 24.
Ideally, being able to produce precise 3-D modeling
results of a site for different time periods would lead to a
consistent 4-D “reconstruction” of the CH site. However,
this is very difficult to attain for two main reasons: (i) the
input required (multiview images, LiDAR data, close
range, and airborne images) to build a 3-D model is either
most probably not available (for time instances in the
past) or difficult to obtain and (ii) creating a 3-D model,

let alone a precise one, requires a large amount of resources
(equipment, man effort, time, and so on) making the process
an expensive (both computationally and financially), arduous, and practically impossible task.
To address these limitations, a concept is proposed that
transforms the time and resource demanding process of
4-D modeling into a cost-effective framework able to be
implemented in large-scale scenarios.49
Change history maps detect regions of interest in the 3-D
space by combining multiple instances of a 3-D model. This
way, we can support the selective partial acquisition of a CH
resource, which significantly accelerates the effort of 3-D
modeling, especially in cases of time-varying assets/landmarks. The change history map determines the regions
that need to be reconstructed more precisely than others
(e.g., with photogrammetry methods like the ones described
in Sec. 3) due to changes that have occurred over the course
of time.
The first approach for creating change history maps is
through the geometric differences of the 3-D models.
Rather than applying a point by point difference, we initially
smooth the 3-D models by the application of a Gaussian
pyramid filter to address noise effects. Then, change history
maps are created directly from the filtered 3-D models.
Another important aspect is the appropriate alignment of
the 3-D models between two different time instances. For
this reason, the ICP algorithm is applied between the two
examined 3-D models to align the point clouds of the two
time instances. Figure 25 shows the concept of the geometric
change history maps. The spatial regions where a significant
change is encountered are depicted as gray-colored cubes.
Another factor for determining the change history maps is
through the metadata information embedded on the 3-D
models. Each part of the CH resource is represented by a

Fig. 23 Calw market square—photorealistic 3-D building models.
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Fig. 24 Photos of Calw landmarks throughout the years: Hesse House in (a) 1950, (b) 1956, and
(c) 1996.

Fig. 25 The proposed 4-D modeling approach based on change history maps and partial reconstruction.

set of metadata information. These metadata may refer to
architectural, topographical, imagery, archaeological, and
other information. In the case in which the geometric properties of a part of the CH asset have not been changed but the
semantic information connected with a part of the resource
has, a change history map is also created. However, this does
not imply that a new 3-D reconstruction process is required,
Journal of Electronic Imaging

but instead specifies that the semantic metadata information
has been updated.
The concept can be further explained via a use case. Let
us assume that a spatial region in the CH site under discussion has been initially modeled with a high accuracy 3-D
capturing process (such as the one described in Sec. 3)
and that this region goes through a transformation in the
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Fig. 26 CH-VR viewer: Calw views.

following time period, e.g., due to damage or restoration. A
low-resolution fully automated 3-D modeling procedure
takes place to identify the changes of the initial 3-D
model. If changes are identified, the low accuracy model
of the later time period is improved locally by enhancing
the low-resolution automatically captured 3-D data to high
accuracy representations. What’s more, in cases where significant changes are detected, this process will highlight the
specific regions for which the process of data acquisition,
processing, and photogrammetry-based 3-D modeling has
to be repeated, instead of having to perform the entire project
for the full scale of the modeled site. This approach therefore
makes 4-D modeling a more realistic process by significantly

reducing the computational (and other) costs involved, while
retaining the quality of the reconstruction.
5 Presentation Viewer
The CH-VR presentation viewer is an attempt to create an
end-user software to manage the presentation of CH content
including imagery, 3-D scans, and 3-D/4-D models. The
viewer is presented in this section through the view of the
Calw market square (Fig. 26), as well as an additional example of the Archangelos Michael church landmark in Cyprus
(Fig. 27). The CH-VR viewer allows the user to access different tokens of information via a variety of functions in an
intuitive and user-friendly fashion.50 The viewer basically

Fig. 27 CH-VR viewer features: (a) timeline, (b) information box, (c) slice tool, and (d) image overlay.50
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presents two views of the model: the photogrammetry results
and a 3-D reconstructed model. They can be viewed from all
sides, as well as from both outside and inside.
The timeline feature [Fig. 27(a)] allows for scrolling
through the different time periods, hence viewing the 4-D
model of the landmark. Sliding over the images, the user
can navigate in time and across different parts of the
model. The information box [Fig. 27(b)] shows metadata
of the landmark along with information on its context
(time period, special morphology, references, and additional
images) as well as links to other sources of information of
architectural, historical, artistic, social, religious, or political
interest.
The slice tool enables the user to view intersection of
the reconstructed model with the help of a slicing plane
[Fig. 27(c)]. This provides an insight to the interior construction of the model. With this tool, the inner image overlays
can also be accessed.
Finally, through the image overlay feature, images set in
appropriate views to the virtual scene can substitute potentially missing parts of the model [Fig. 27(d)].
6 Conclusion
We have presented a complete system for the efficient 4-D
modeling and presentation of CH sites. Two main 3-D
reconstruction approaches were developed with complementary benefits. The first one uses images retrieved in online
multimedia collections and employs clustering-based techniques to perform content-based filtering and eliminate outliers. Experiments showed that DBSCAN and spectral
clustering algorithms succeed in removing outliers and
defining different geometric views of an object reducing
the cost of 3-D reconstruction without compromising the
accuracy, resulting in satisfactory “approximate” 3-D models
in a cost-effective way. The second approach proposed is
based on input image data acquired through terrestrial
laser scanning, as well as close range and airborne photogrammetry, and follows a sophisticated multistep strategy,
which leads to a “precise” 3-D model. Here, the workflow
of photogrammetry using HDS in combination with dense
image matching leads to 3-D object models that are geometrically accurate and textured with good quality imagery,
while the pipeline is automated in many respects, starting
with the data collection, registration, and point cloud
processing. Finally, the concept of change history maps
was proposed to address the computational limitations
involved in 4-D modeling, permitting us to partially exploit
existing 3-D reconstruction in regions where no changes are
being observed in the course of time.
As for future work, there are several directions that we are
interested in investigating. In terms of the clustering and
learning techniques used, we will investigate results on
accelerating the performance of spectral clustering using
incremental learning theory and Markovian random walk
processes; we also aim to study the effect of different visual
descriptors. In the photogrammetry field, an interesting challenge is to close even more the gap between photogrammetric workflows and the 3-D reconstruction process of
architectural computer graphics. To this end, there are
many steps that can be automated by procedural modeling,
and this will be exceptionally interesting when using existing
ruins, fragments, and objects to reconstruct the past.
Journal of Electronic Imaging

Acknowledgments
The research leading to these results has been supported by
the European Commission’s 7th Framework Programme
Industry-Academia Partnerships and Pathways (FP7-IAPP)
Marie Curie project 4-D-CH-World (Four Dimensional
Cultural Heritage World), under grant agreement
No. 324523. The authors would like to thank the project partners for their collaboration.
References
1. J. F. Hullo, P. Grussenmeyer, and S. Fares, “Photogrammetry and dense
stereo matching approach applied to the documentation of the cultural
heritage site of Kilwa (Saudi Arabia),” in 22th CIPA Symp., Kyoto,
Japan (2009).
2. N. Haala and M. Rothermel, “Dense multiple stereo matching of highly
overlapping UAV imagery,” Int. Arch. Photogramm. Remote Sens.
Spatial Inf. Sci., XXXIX-B1, 387–392 (2012).
3. V. Argyriou, S. Zafeiriou, and M. Petrou, “Optimal illumination directions for faces and rough surfaces for single and multiple light imaging
using class-specific prior knowledge,” Comput. Vision Image
Understanding 125, 16–36 (2014).
4. S. Izadi et al., “KinectFusion: real-time 3D reconstruction and interaction using a moving depth camera,” in ACM Symp. on User Interface
Software and Technology, Santa Barbara, California (2011).
5. S. Soile et al., “Accurate 3D textured models of vessels for the improvement of the educational tools of a museum,” Int. Arch. Photogramm.
Remote Sens. Spatial Inf. Sci. XL-5/W1, 211–217 (2013).
6. R. Orghidan et al., “Structured light self-calibration with vanishing
points,” Mach. Vision Appl. 25(2), 489–500 (2014).
7. A. Valanis et al., “High resolution textured models for engineering
applications,” in 22nd CIPA Symp., Kyoto, Japan (2009).
8. H. Hai, C. Brenner, and M. Sester, “A generative statistical approach to
automatic 3D building roof reconstruction from laser scanning data,”
ISPRS J. Photogramm. Remote Sens. 79, 29–43 (2013).
9. S. Barone, A. Paoli, and A. V. Razionale, “3D virtual reconstructions of
artworks by a multiview scanning process,” in 2012 18th Int. Conf. on
Virtual Systems and Multimedia (VSMM), pp. 259–265 (2012).
10. R. Sitnik and M. Karaszewski, “Automated processing of data from 3D
scanning of cultural heritage objects,” in Digital Heritage, M. Ioannides
et al., Eds., pp. 28–41, Springer, Berlin, Heidelberg (2010).
11. M. Goesele et al., “Multi-view stereo for community photo collections,”
in Proc. of Int. Conf. on Computer Vision (ICCV 2007), Rio de Janeiro,
Brazil (2007).
12. G. Kamberov et al., “3D geometry from uncalibrated images,” in Proc.
Int. Symp. on Visual Computing (ISVC), pp. 802–813 (2006).
13. S. Agarwal et al., “Building Rome in a day,” Commun. ACM 54(10),
105–112 (2011).
14. C. Wu et al., “Multicore bundle adjustment,” in 2011 IEEE Conf. on
Computer Vision and Pattern Recognition (CVPR), pp. 3057–3064
(2011).
15. N. Snavely, S. M. Seitz, and R. Szeliski, “Photo tourism: exploring
photo collections in 3D,” in SIGGRAPH Conf. Proc., pp. 835–846
(2006).
16. A. D. Doulamis, N. D. Doulamis, and S. D. Kollias, “A fuzzy video
content representation for video summarization and content-based
retrieval,” Signal Process. 80(6), 1049–1067 (2000).
17. R. Min and H. D. Cheng, “Effective image retrieval using dominant
color descriptor and fuzzy support vector machine,” Pattern Recognit.
42(1), 147–157 (2009).
18. S. Papadopoulos et al., “Cluster-based landmark and event detection on
tagged photo collections,” IEEE Multimedia 18(1), 52–63 (2011).
19. Y.-T. Zheng et al., “Tour the world: building a web-scale landmark recognition engine,” in IEEE Conf. on Computer Vision and Pattern
Recognition (CVPR), pp. 1085–1092 (2009).
20. R. Toldo et al., “Hierarchical structure-and-motion recovery from uncalibrated images,” Comput. Vision Image Understanding 140, 127–143
(2015).
21. J. M. Khatib, N. Chileshe, and S. Sloan, “Antecedents and benefits of
3D and 4D modelling for construction planners,” J. Eng. Design Tech.
5(2), 159–172 (2007).
22. V. A. Semenov et al., “4D modelling of large industrial projects using
spatio-temporal decomposition,” in Proc. of the European Conf. on
Product and Process Modelling: eWork and eBusiness in Architecture,
Engineering and Construction, pp. 69–77 (2010).
23. F. Bosché et al., “Fusing 4D modelling and laser scanning for construction schedule control,” in Proc. of the 26th Annual Conf. Association of
Researchers in Construction Management (ARCOM 2010), pp. 1229–
1238 (2010).
24. A. Tisseyre, “Urbanistic noisemap: environmental 3D and 4D modelling,” in 21st Int. Congress on Sound and Vibration (ICSV 2014),
Vol. 2, pp. 1456–1463 (2014).

XXXXXX-17

•

Vol. ()

Voulodimos et al.: Four-dimensional reconstruction of cultural heritage sites based on photogrammetry and clustering
25. C.-H. Huang et al., “A Bayesian approach to multi-view 4D modeling,”
Int. J. Comput. Vision 116(2), 115–135 (2016).
26. N. Charbonneau, J. Burgess, and L. Robichaud, “Using 4D modelling in a
university-museum research partnership: the case of the Alphonse
Raymond historic factory complex,” in Digital Heritage International
Congress, pp. 603–610 (2015).
27. A. Doulamis et al., “4D reconstruction of the past,” Proc. SPIE 8795,
87950J (2013).
28. D-CH-World Project, http://www.4d-ch-world.eu/ (17 November
2016).
29. K. Makantasis et al., “In the wild image retrieval and clustering for 3D
cultural heritage landmarks reconstruction,” Multimedia Tools Appl. 75,
3593–3629 (2016).
30. D. G. Lowe, “Distinctive image features from scale-invariant keypoints,” Int. J. Comput. Vision 60(2), 91–110 (2004).
31. E. Rosten and T. Drummond, “Machine learning for high-speed corner
detection,” in European Conf. on Computer Vision (ECCV), pp. 430–
443, Springer, Berlin, Heidelberg (2006).
32. H. Bay, T. Tuytelaars, and L. V. Gool, “SURF: speeded up robust features,” in European Conf. on Computer Vision (ECCV), pp. 404–417,
Springer, Berlin, Heidelberg (2006).
33. M. Calonder et al., “BRIEF: binary robust independent elementary features,” in European Conf. on Computer Vision (ECCV 2010), pp. 778–
792, Springer, Berlin, Heidelberg (2010).
34. E. Rublee et al., “ORB: an efficient alternative to SIFT or SURF,” in
2011 IEEE Int. Conf. on Computer Vision (ICCV), pp. 2564–2571
(2011).
35. B. Jähne, Digital Image Processing, 6th ed., Springer-Verlag, Berlin
Heidelberg (2005).
36. M. Ester et al., “A density-based algorithm for discovering clusters in
large spatial databases with noise,” in 2nd Int. Conf. on Knowledge
Discovery and Data Mining, pp. 226–231 (1996).
37. C. Wu, “VisualSFM: a visual structure from motion system,” http://ccwu.
me/vsfm/ (17 November 2016).
38. Agisoft, http://www.agisoft.com (8 March 2016).
39. IGN, http://logiciels.ign.fr/?Micmac (9 March 2016).
40. MeshLab, http://meshlab.sourceforge.net (26 March 2016).
41. S. Verykokou et al., “UAV-Based 3D modelling of disaster scenes for
urban search and rescue,” in IEEE Int. Conf. on Imaging Systems and
Technqiues, Chania, Greece (2016).
42. C. Wu et al., “Multicore bundle adjustment,” in Proc. of the 2011 IEEE
Conf. on Computer Vision and Pattern Recognition (CVPR), pp. 3057–
3064, IEEE Computer Society, Washington, DC (2011).
43. M. A. Fischler and R. C. Bolles, “Random sample consensus: a
paradigm for model fitting with applications to image analysis and
automated cartography,” Commun. ACM 24(6), 381–395 (1981).
44. B. Rosner, “Percentage points for a generalized ESD many-outlier
procedure,” Technometrics 25(2), 165–172 (1983).
45. P. J. Besl, “A method for registration of 3-D shapes,” IEEE Trans.
Pattern Anal. Mach. Intell. 14(2), 239–256 (1992).
46. CloudCompare, http://www.danielgm.net/cc/ (17 November 2016).
47. M. Rothermel et al., “SURE: photogrammetric surface reconstruction
from imagery,” in Proceedings LC3D Workshop, Berlin (2012).
48. Sketchup Software, http://www.sketchup.com/ (17 November 2016).
49. A. Doulamis et al., “5D Modeling: an efficient approach for creating
spatiotemporal predictive 3D maps of large-scale cultural resources,”
ISPRS Ann. Photogramm. Remote Sens. Spatial Inf. Sci. II-5/W3(5),
61–68 (2015).
50. A. Doulamis et al., “4D Virtual/Augmented reality viewer exploiting
unstructured web-based image data,” in Int. Conf. on Computer
Vision Theory and Application (2015).

Journal of Electronic Imaging

Athanasios Voulodimos receivedhis diploma and MSc degrees and
his PhD in electrical and computer engineering from the National
Technical University of Athens (NTUA), all with the highest honor,
in 2007, 2010, 2011, respectively. He has received significant academic awards. He has published more than 60 papers in the areas
of computer vision, machine learning, and ubiquitous computing.
He has been and is currently involved in several European research
projects.
Nikolaos Doulamis received his diploma degree and PhD in electrical and computer engineering from the NTUA, both with the highest
honor. He is now an assistant professor at NTUA. He has received
many awards and served as organizer and program committee
member of major international conferences. He is the author of
more than 50/150 journal/conference papers in the fields of image
analysis and learning. He has more than 2200 citations and is
involved in large European projects.
Dieter Fritsch is a professor of photogrammetry and surveying and
director of the Institute for Photogrammetry at the University of
Stuttgart. He has supervised more than 30 PhD students, organizes
the biennial Photogrammetric Week Series attracting more than 500
participants from 60+ countries. He has more than 300 publications in
the fields of photogrammetry, remote sensing, geoinformatics, laser
scanning, statistical inference, signal processing, and intercultural
affairs. He has been keynote and plenary speaker of many
international conferences.
Konstantinos Makantasis received his diploma, MSc, and PhD
degrees in electronic and computer engineering from the Technical
University of Crete in 2008, 2011, and 2016, respectively. He has
been a research associate in Interreg and European projects since
2010. His research interests are focused on computer vision, signal
analysis, and machine learning.
Anastasios Doulamis received his diploma in electrical and computer engineering from the NTUA in 1995 with the highest honor
and his PhD in video analysis in 2001. Until January 2014, he was
an associate professor at the Technical University of Crete and
now is a faculty member of NTUA. He has received several awards
and has served as PC member in major Institute of Electrical and
Electronics Engineers / Association for Computing Machinery conferences. He is the author of more than 200 papers in leading journals
and conferences, receiving more than 2000 citations.
Michael Klein is the CEO of 7reasons Medien GmbH company based
in Austria. He is an expert on augmented and virtual reality and has
been involved in many national and European research and development projects. He has also participated in several exhibitions and
conferences on virtual and augmented reality, three- and four-dimensional reconstruction, and cultural heritage digitization.

XXXXXX-18

•

Vol. ()

