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Augmented Reality in Cultural Heritage

Applications

1 Introduction

Nowadays, there is a growing interest in the augmented reality (AR) as a field of

research and at the same time as a domain for developing popular applications. Since

the coining of the phrase ”augmented reality” in 1990, the area has come a long way

from research laboratories and big international companies to pockets of millions of

users all over the world. The popularity of the field among young generation also

evokes an effort to utilize AR as a tool for education or presentation of art and

cultural heritage. Therefore we decided to focus on the augmented reality in the

cultural heritage applications.

2 Goals

The goals of this dissertation thesis are:

1. Development of a new complex method for detection and registration of paint-

ings for the purpose of augmented gallery guide.

2. Utilization of local and global features for the purpose of detection and regis-

tration of objects.

3. Development of a new method for multiple object instance detection and regis-

tration using RGB and RGBD data.

3 Multiple instances detection

Since the beginning of the new century the growing popularity of marker-less aug-

mented reality applications inspired the research in the area of object instance de-

tection, registration and tracking. The usage of common daily objects or specially

developed fliers or magazines (e.g. IKEA1) as AR markers became more popular than

1https://www.youtube.com/watch?v=vDNzTasuYEw
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3. MULTIPLE INSTANCES DETECTION

traditional ARtoolkit like black and white patterns. Although there are many differ-

ent methods for object instance detection emerging every year, very little attention is

paid to the case where multiple instances of the same object are present in the scene

and need to be augmented (e.g. a table full of fliers, several exemplars of historical

coins in the museum, etc.). In this section we review existing methods of multiple

instance detection and propose a new method for RGB images and RGBD images

overcoming the limitations of previous methods. For a scheme of the proposed process

see figure 1.

Figure 1: Overview of the registration process. In the first step SIFT features are
computed for both template and test images. Features are matched and the best
match is estimated for every interesting point in the test image. Then the histogram
of the ratios of the scales of the interesting points and their matches is created. For
every peak in the histogram corresponding interesting points pair votes in the 3D
accumulator for the (x,y) position of the object center and the object’s rotation.
Then the peaks of the accumulator correspond to the objects on the test image.

We propose a new method for multiple instance detection of objects in cluttered scenes

using local features and Hough-based voting. For the purpose of correct object detec-

tion and registration in augmented reality it is necessary to correctly register objects

even when several instances of the augmented object are present in the image. When

dealing with the visual (ARToolkit like) markers or when we add non-visual markers,

the correspondence is not an issue. On the other hand in the case of markerless object

detection utilizing local features, it is not easy to determine how many instances of

one object are present in the image. In the area of multiple object instances detection

we can identify 2 basic strategies. One approach is to first segment the image and

then recognize and register all the segmented objects. The segmentation can be done

in the image domain or in case of the RGBD data in the depth data. This method

however deals with the not yet fully solved problem of the segmentation of objects in

cluttered scenes. The problem of segmentation in the depth domain can occur when
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3. MULTIPLE INSTANCES DETECTION

e.g. the objects lie side by side on the same plane. The second method estimates

the number and the position of the object instances based on the clustering of the

detected points, the iterative RANSAC and/or Hough based voting [1]. The basic

clustering of features approach is inefficient in case of more complex scenes with very

close or overlapping objects. Although, the greedy method which iteratively finds the

best-matching instance, remove the corresponding features and find another instance

using RANSAC approach to compute homography is extensively used, it proved to be

inefficient for robust multiple instance object detection in [18]. The most significant

work in this area was done in [17, 16, 18, 2] and [19].

As a first step in our method we have decided to develop the method for detection

of the multiple instances of objects of the same scale in grayscale images. All objects

are placed approximately perpendicularly to the camera axis and no off-plane rota-

tions are allowed. We utilize the SIFT features, because they posses, together with

the position of the feature, the information about the scale ς and rotation θ. The

scale information is derived from the detector’s scale-space pyramid as the octave in

which the keypoint is detected. The rotation of the feature is estimated as dominant

orientation of the gradient in the neighborhood of the interesting point. The size of

the neighborhood is determined by the previously estimated scale. In the training

phase of our method we build the database of the objects to be recognized. For now

we assume all objects are planar and rectangular. We mark (or compute) the center

points of the objects in the images. We then compute the SIFT features (interesting

points, IP) and store their descriptors, scale and rotation in the database. The recog-

nition is performed as follows. We extract the SIFT features from a test image and

store their descriptors, rotation, scale and position. For every extracted SIFT feature

in the test image we compute the closest features in all objects from the database

based on the Euclidean distance of the descriptors. There exist several strategies to

filter the SIFT matches.

Threshold The matches are filtered based on some threshold which has to be esti-

mated in the training phase (e.g. using the K-fold cross validation).

Second nearest neighbor The distance of the closest match d is compared to the

distance of the 2nd closest match d2. If d < 0.3d2, the match is considered as

correct.

Double check The match of the descriptor A of an IP from the image I1 and B of

an IP from the image I2 is correct if they are mutually the closest. That means

B is the closest to A from all the descriptors of IPs from I2 and A is the closest

to B from all the descriptors of IPs from I1.
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3. MULTIPLE INSTANCES DETECTION
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(c) Scale ratio criterion filtered matches

Figure 2: Example of matches satisfying different filtering criteria

We propose a new criterion called the scale ratio – r. To filter the matches we

firstly compute the ratios of the scale of test image features ς and the scale of their

corresponding database image (template) features ς ′ as follows

r =
ς

ς ′
,

✞

✝

☎

✆1

Then we create the histogram of these scale ratios. We choose the highest peak of the

histogram as the correct scale ratio. Then we preserve only the features having this

correct scale ratio. The comparison of all found matches, second nearest neighbor

filtered matches and scale ratio criterion filtered matches can be seen in figure 2.

The next step is to create a 3D accumulator, where we store the center points of the

objects in the test images. The 3 dimensions of the accumulator are the x and y

coordinates of the image scaled to 1⁄10 and the rotation α of the object sampled to 60

bins. The coordinates of the center point are estimated from the SIFT orientations
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3. MULTIPLE INSTANCES DETECTION

of the matched IPs A and A′ as follows

S = A + r ·Mrot(α) · v,
✞

✝

☎

✆2

where r is the scale ratio,

v = A′ − S ′

✞

✝

☎

✆3

is the vector from the IP A′ to the center point S ′ of the template. The matrix

Mrot(α) =

[

cosα sinα

− sinα cosα

]

✞

✝

☎

✆4

is the rotation matrix and α is the rotation of the object with

α = (θ − θ′) mod 2π,
✞

✝

☎

✆5

where θ and θ′ are the SIFT orientations of the matched IPs A and A′.

The peaks of the accumulator represent the position of centers and the rotation of

the objects from the database found in the test image. To determine the detections

in the accumulator we use the threshold p on the height of the peak. If we want

to generalize the previously proposed approach to images with objects of different

scales, we have to extend the voting approach proposed in the previous section. We

not only look for the highest peak in the histogram of the scale ratios, but we identify

all the peaks. A peak in the histogram has both neighboring bin values lower and

its height is bigger than the threshold th = 15. The main limitation of this approach

lies in the fact that we cannot identify the out of a plain rotation of the objects

present in the image. To achieve this we can compute the homography transformation

between the matched points from the test image and the database objects. We need

at least 3 corresponding pairs to compute the affine homography. When we extend

our previously defined accumulator with a list of points that vote in the corresponding

bin, we can compute the homography from these points and their corresponding pairs

in the database image. We can compute the homography using two approaches. We

can use all point pairs assuming that all matches were correct or we can utilize the

RANSAC approach [3]. Then the homography can be used to compute the correct

positions of the object corners (4 in the case of rectangle). To check the correctness of

the computed corner positions we compare the area of the detected object to the area

of the template object scaled according to scale ratio. If the difference is within the

threshold we draw the final contour of the object. Although the RANSAC approach

is extensively used in the registration of object instances in the image, it often fails

to detect more than one instance even if it is used in iterative manner (see [18]). In

our work we utilize it only for estimation of the transformation of pairs belonging to

one instance. This is ensured by the voting in the accumulator.
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3. MULTIPLE INSTANCES DETECTION

Since an emerge of the Kinect sensor in 2010, RGBD sensors became affordable and

very popular in computer vision tasks. We decided to utilize the depth information

produced by this sensor for our multiple instance detection approach. The main

advantage of this approach is, that we do not deal with different scales of objects

because the ”scale” in 2D image is defined based on the distance of the object from

sensor (we assume that we have constructed our database with a similar sensor) and

the objects are stored together with their size. The first steps are similar to the

previous approach, we extract the interesting points and compute their descriptors

using SIFT approach and match them with the database. We can then filter the

matches based on their scale ratio, similarly to previous approach or proceed without

filtering. Another filtering can be done by checking the consistency of the scale

ratio and the ratio of the depth of the point from test image and the template image.

Then we will iterate over the point pairs and vote in the 3D accumulator. We decided

to use the 3D accumulator (2D subsampled image space + rotation) instead of 4D

accumulator (3D subsampled space + rotation). In 3D accumulator we will vote for

the projections of the objects centers (S) on to the image space. To determine the

correct vote for each point pair, we compute the vector v from the point A to the

center S ′ in the template space. Then we estimate the normal vector np at the point

A from the depth data as follows. First, the points in the sphere neighborhood of

the A with diameter d = 10 are extracted. In the next step the Principal component

analysis (PCA) [15] of the extracted points is computed. Next, the eigenvectors

(principal components) are sorted by the corresponding eigenvalues and the cross

product of first two principal components is computed. The cross product is then the

normal vector of the plane of the object in the 3D space. In the next step we want to

estimate the position of the center of object in 3D S ′′ (on the object plane P defined

by the computed normal vector and point A). The center of the object S ′′ will be

defined as

S ′′ = A+ r ·Krot(β, s) ·Mrot(α) · v,
✞

✝

☎

✆6

where

Krot(β, s) =

=





cos β + s2x (1− cos β) sxsy (1− cos β)− sz sin β sxsz (1− cos β) + sy sin β

sysx (1− cos β) + sz sin β cos β + s2y (1− cos β) sysz (1− cos β)− sx sin β

szsx (1− cos β)− sy sin β szsy (1− cos β) + sx sin β cos β + s2z (1− cos β)





is the rotation matrix, the angle

β = arccos

(

np · nl

‖np‖ · ‖nl‖

)

✞

✝

☎

✆7
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3. MULTIPLE INSTANCES DETECTION

is the angle between np and normal vector of the image plane nl = [0, 0, 1] and

s = np × nl

✞

✝

☎

✆8

is the direction vector of the line defined as the intersection of the object and image

plane. Then the new center S is the projection of the center S ′′ to the image space.

We decided to validate our method in 3 steps. In the first step we test our 2D approach

on artificially created images containing one type of object in up to 8 instances of

varying scales. In the second step we test the 2D approach using real world RGB

images (converted to grayscale) acquired by camera from the RGBD sensor from

Primesense and in the third step the RGBD approach has been tested on real world

RGBD data (RGB image + depth values). To evaluate our method we have manually

annotated the objects on all created images. We marked the 4 corners of the objects

and saved their (ground truth) coordinates. In the evaluation process we have tested

the distance of the detected and true positions of each corner of the object. The

detected object is considered a correct detection (CD) if there exists a ground truth

object whose corners are within a given threshold from the detected corner positions

CD =

{

1 ∃G ∀i ∈ {1, . . . , 4} : d(Gi, Di) < Tpix

0 otherwise,

✞

✝

☎

✆9

where Gi is the i-th corner of the ground truth object, Di is the i-th corner of the

detected object and Tpix is the threshold. Based on the validation we can state that

Figure 3: Examples of correct detections. 1,2 in test 1, 3,4 in test 2, 5,6 in test 3.

our 2D method works with 98% precision (97% recall) on artificial images and 85%
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4. CLASSIFICATION AND REGISTRATION OF PAINTINGS

precision (81% recall) on real images. The proposed 3D method works with 93%

precision (89% recall) on real world RGBD data. Examples of correct detections in

different tests can be seen in figure 3.

4 Classification and registration of paintings

The following section presents our approach to the efficient classification and regis-

tration of fine art paintings using local features and our approach to feature matching

utilizing global features. The presented method uses a global feature value to orga-

nize the database. We present the results obtained using different global features

and different local feature descriptors. We first describe the dataset used, then the

algorithm consisting of segmentation, feature extraction and matching. The overview

of the method can be seen on figure 4.

Figure 4: Overview of the recognition process. In the first step painting is segmented
from the photograph using the method proposed in the Segmentation section. Then
the global feature and local features are extracted from the segmented painting. In
the next step the database of the Originals is sorted based on the global feature value.
Local features extracted from the painting are then matched with the sorted database
and the painting is recognized as the first painting from the database of Originals with
matches exceeding the threshold.

Dataset used in our work consists of two parts — the Photographs and the database

of Originals. The Photographs dataset contains 500 photographs of the paintings

taken in galleries by various unspecified digital cameras. The database of Originals

consists of 59 (10–15 from each painter) ground truth paintings taken from Olga’s

11



4. CLASSIFICATION AND REGISTRATION OF PAINTINGS

web gallery2. The work flow of our method is graphically depicted in figure 4. In the

first step the painting is segmented from the photograph using one of three proposed

methods(Anisotroic diffusion, Gauss gradient, Watershed). Then the global feature

and local features are extracted from the segmented painting. In the next step the

database of the Originals is sorted based on the global feature value. Local features

extracted from the painting are then matched with the sorted database and the

painting is recognized as the first painting from the database of Originals with number

of matches exceeding a given threshold. The global features we have compared were

� A. average intensity

� B. percentage of light pixels

� C. normalized intensity histogram

� D. entropy, E. normalized hue histogram

� F. number of pixels that belong to the most frequent hue (f4)

� G. most populated hue, H. hue contrast (f5)

� I. hue count (f3)

The labels in parentheses correspond with the labeling of features in [14]. The differ-

ence between features was computed as a distance for A, B, D, F, G, H, I and as a

Kullback − Leibler distance (KLD) [13] in case of histogram features C, E. In order to

select the best global feature, we sorted the differences in ascending order and found

the position of corresponding paintings in the database of Originals. Figure 5 shows

the cumulative histogram of the positions. We can see that with feature B, 90% of

photographs (304) had the corresponding paintings in the database of Originals at

position 35 or less, whereas with the second best feature only 82% (287) photographs

had the corresponding paintings in the database of Originals at position 35 or less

and 90% has the corresponding paintings in the database of Originals at place 45 or

less. For this reason, the global feature used in our subsequent experiments is the

percentage of light pixels in the painting.

We have tested three different local feature methods: SIFT, SURF and ORB. We

have chosen these methods because SIFT is a standard method, SURF is faster and

almost equally precise, and ORB has a fast binary descriptor. All of them have

their own detector and descriptor methods. In our previous work [10] we have tested

2http://www.abcgallery.com/index.html
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4. CLASSIFICATION AND REGISTRATION OF PAINTINGS
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Figure 5: Cumulative histogram of positions for examined global features.

method ideal threshold precision
SIFT 12-14 90%
SURF 6 90%
ORB 5 85%

Table 1: Classification precision of SIFT, SURF and ORB method using ideal thresh-
old on number of matches

the performance of SIFT and SURF methods in classification of 100 paintings not

included in the Photograph and Originals sets. Now we have conducted additional

testing on the same data using the ORB method. Table 4 presents the result of the

classification showing the precision and the threshold used to achieve this precision

in classification of 100 paintings using SIFT, SURF and ORB method. Based on our

evaluations we have decided to use the ORB method for the classification, as far as

it is considerably faster and lacks only the 5% of precision of SIFT and SURF.

The results are summarized in table 2 showing the average position of a corresponding

original. We can see that when the originals are placed randomly in the database, we

match keypoints in average of 32 images in order to get the closes match (by finding

the original). The sorting based on distribution of images in the Photographs dataset

gave much better results. But distribution-based sorting can be done only when

we know the distribution of the images in the database of photographs before the

evaluation. Our approach generated the best average position of the corresponding

13



4. CLASSIFICATION AND REGISTRATION OF PAINTINGS

sorting
global feature distribution-based random

mean 14.2925 19.3805 32.3089
std 11.4679 16.1783 17.0755

Table 2: The mean and standard deviation of position for three types of database
sorting.

painting from the database of Originals. The unpaired t-test for testing the difference

of two means showed that the difference was statistically significant with P value less

than 0.001.

Paintings from the Photographs dataset were classified into one of 60 categories (59

paintings from the database of Originals and 1 not in the database). The threshold

determines the number of keypoints matches needed to classify the photograph as

a given painting from the database of Originals. The precision is computed as an

average precision over all classes. Precision within class ωi is the number of correctly

classified ωi paintings divided by the number of all paintings classified as ωi. The

average case complexity evaluation shows that our approach is less complex than

the approach with unsorted database. Since in a common case we do not know the

distribution of photographs, we cannot sort the database to achieve globally ideal

sorting. We have to assume that the average position of the corresponding paintings

from the database of Originals is in the middle. In that case the complexity is

O(p0, 5mn), where p is the number of photographs, 0, 5m is the average position, i.e.

number of comparisons and n is the average number of keypoints. The complexity

of our approach is O(p(m log(m) + 0, 25mn)), where O(m log(m)) is the complexity

of the sorting and 0, 25m is the average position computed in our experiments. If

we assume that the average number of keypoints is 500, then our approach is less

computationally complex for up to 10125 paintings in the database of Originals. We

can see that main computational load lies in the matching of vast number of keypoints.

That is why the proper sorting of the database speeds up the process of classification.

In this section we proposed a new method of classification of the special objects,

fine art paintings. It combines the local and global features approaches. We have

tested 3 types of local features and 9 global features and evaluated the method on

500 paintings.
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5. RELATED RESULTS

5 Related results

The presentation and preservation of the cultural heritage are the key tasks which are

in last few years also supported by European Union through projects like Europeana,

or Comeniana. Augmented reality plays a key role in the presentation of the cultural

heritage in two base areas: the museum (gallery) guide and spatial installations.

During the PhD. research we have contributed to both areas. In the area of mu-

seum (gallery) guides, we have cooperated on creation of a concept of the augmented

guide like virtual installation in Czecho-Slovak pavilion at Biennale of Architecture

in Venice, Italy in 2012. We have also created a concept of augmented reality gallery

guide and published it in [4], [5]. Apart from the area of museum guides we have also

proposed and implemented two spatial installation. We have developed a method for

augmenting the real paper model of the historical site with virtual animation. We

have implemented our method for the augmented reality reconstruction of the fire in

the Bojnice castle and published it as a poster at Eurographics [11].

Figure 6: Left: Scheme of the Slovak Augmented Reality, Right: Photograph of the
real setup.

Second created spatial installation combines augmented reality, cultural heritage and

education. The application Slovak Augmented Reality uses a drawn floor map of

Slovakia with several points of interests marked on the map. Kinect sensor is used to

display and interact with 3D virtual models of cultural heritage objects using gestures.

Our installation can be used for entertainment and as a learning tool in geography

or history classes. The scheme of our proposed system can be seen in figure 6.
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6. CONCLUSION

6 Conclusion

This thesis has contributed to different areas of object detection and registration,

augmented reality and cultural heritage presentation. The main contribution was

done in the area of multiple object detection and registration in both RGB and

RGBD images. Both our approaches were tested on 2 datasets in 3 tests. The 2D

method works with 98% precision (97% recall) on artificial images and 85% precision

(81% recall) on real images. The proposed 3D method works with 93% precision

(89% recall) on real world RGBD data. The 2D version of this method was accepted

to SCCG conference [6] and the full version was submitted to ICCVG conference [7].

The second contribution of this thesis is in optimization of the recognition of fine art

paintings. We dealt with the problem of matching of the local features with the big

database of objects which is not final and can be extended consecutively. The effi-

ciency of the method was tested on 500 real world photographs of fine art paintings.

The best results — 90% precision — were achieved by using the method combining

anisotropic diffusion, SIFT or SURF features and percentage of light pixels global

feature. The method also showed to be less computationally complex then previous

methods for up to 10125 paintings in the database. This method was partially pub-

lished in CESCG conference [10] and Computer Graphics and Geometry journal [8]

and the full method was published in SCCG conference [9].

Within the scope of this thesis we have utilized our developed registration methods in

the implementation of several installations which helped to present cultural heritage

of Slovak republic on national and international events (Deň otvorených dveŕı FMFI

2014, TEDxBratislava 2013, Biennale of architecture in Venice 2012, Virtuálny svet

v Avione 2012, Virtuálna realita bez hrańıc 2012). The most important were the

Reconstruction of cultural heritage object utilizing its paper model for augmented rea-

lity which was published as a poster at Eurographics [11] and Slovak Augmented

Reality which is accepted to CISRGW [12].
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Haladová, Z.: Historical event reconstruction utilizing Augmented reality (in Slovak:

Rekontrukcia hiostorickej udalosti s vyuitm zmieanej reality). Student Scientific Con-

ference 2011. Bratislava: Comenius University, 2011.
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Virtualizer: 3D Scanner for Complete Reconstruction. 2012. Tatrabanka Foundation

grant Etalent.

Principal investigator: Mgr. Tomáš Kovačovský
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2013. Comenius University grant.

Principal investigator: RNDr. Zuzana Haladová.
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