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AUTOMATIC INDEXATION OF
CULTURAL HERITAGE 3D OBJECT

Abstract There has been significant evolution in the fields of 3D digitization thanks to
the development of 3D reconstruction and geometry processing. The results
of digitization researches have been widely applied in many fields, especially
in Cultural Heritage and Archaeology. Reconstruction, characterization and
annotation of components forming 3D objects have become an effective tool for
research, conservation and promotion of archaeological relics. The aim of this
paper is to propose a process of 3D model reconstruction, segmentation and
annotation on the basis of a enhanced corresponding 2D dataset. A machine
learning method is used for the semantic segmentation of 2D images, thereby
label, annotate and reconstruct a 3D model based upon links between distinc-
tive invariant features, orientation of images, and depth map of images. The
initial result as a data basis for research, reconstruction and identification of
parts in 3D objects is applied in the reconstruction of archaeological relics, ob-
ject identification, 3D printing, etc. Our work uses the data collected from the
Museum of Cham Sculpture DaNang and the Myson QuangNam sanctuary in
VietNam, to carry out the proposed method.
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1. Introduction

In Vietnam and neighboring countries, the Champa cultural heritage domain is very
important. There are a variety of models of (tangible) cultural heritages and archae-
ological objects [6]. Management and preservation of the Champa archaeological re-
mains are of particular significance in terms of their religion and origin. However, over
time these remains have become extinct, and they are in needs of urgent protection.
Cultural heritage items are priceless and of very high historical values. Maintaining
and conserving these assets is a top priority for all nations around the world [2]. The
purpose of preserving digital cultural heritage is not limited to the persistence of his-
torical archives, as it can provide a good reference for creating applications on cultural
heritage data with the purpose of information sharing and cultural communication.

Initially, 3D digital mockups of cultural heritage items were used for conserva-
tion and archives. As 3D digitization becomes cheaper and more affordable, pro-
cessing 3D data (measuring, comparing, indexing...) has started a trend in archaeo-
logical studies. On the other hand, the development of reconstruction and analysis
of 3D model researches has grown rapidly for applications such as computer vision,
virtual reality, digital heritage and many others [3, 14].

The 3D model enables us to have different views, from overview to details, and to
analyze objects according to many different criteria. There are many methods and
tools for reconstruction of models and samples in various ways such as using scanners,
magnetic resonance imaging, and reconstruction from 2D images. The outcomes are
used to segment, re-identify, and rebuild objects. Models and artifact samples must be
kept and conserved digitally in light of recent natural disasters, climate change, and
looming devastation, therefore it is enabling the capture and digitization of 3D models
of historical and archaeological artefacts.

We propose the method of data collection for 3D model reconstruction from
2D images and create a set of model training data for segmentation, analysis and
annotation of parts of 2D objects. Our method is based upon the simultaneous com-
bination of recognition, segmentation, and annotation on 2D images and conversion
of these segmentations and annotation to 3D images of the same object. Then, we
will carry out the annotation and segmentation of 3D objects based upon the analysis
of features and links between them. The experimentation data is a set of Cham stat-
ues from Champa culture in the central region of Vietnam (DaNang, MySon). These
statues are similar in material, color, and shapes.

This paper has the following layout and structure: Section 1: Introduction, Sec-
tion 2: Introduction to some researches related to 3D model reconstruction, machine
learning methods Section 1: Proposing methods for 2D data collection for model train-
ing and reconstruction. In this stage we propose a method for analysis, segmentation
and annotation of 3D objects on the basis of 2D images for labeling and segmentation.
Section 4: The experimental results from the Cham and MySon statues of Vietnam,
and the last Section farther is the conclusion and discussion.
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2. Related works

In the field of cultural heritage studies, it is necessary to collect images for 3D recon-
struction for visual representations and analyze their characteristics. There have been
many studies where several ways to achieve this goal have been explored. Authors
in [20] analyzed current optical 3D measuring sensors and 3D modeling methodolo-
gies, as well as their prospective and actual 3D surveying and modeling of cultural
sites. And the ones in [26] presented a novel approach to reconstruct the 3D shape of
scene via a single camera.

The paper proposed that it was possible to simultaneously retrieve the structure
of dynamic surfaces and static scene geometry in the nature. The study conducted
in [4] proposed a method to make it possible for automatically annotating 2D textures
of heritage objects and visualizing them onto 3D geometries based on supervised ma-
chine learning methods. In a similar context, the authors of [13] presented a method
for doing semantic annotations on 2D photos with automated transmission of these an-
notations between different associated representations of the object (either 2D or 3D).

More recently, works conducted by [15, 21] based on the precise identification
and matching of homologous image features, which could be separated into two major
parts: image orientation and dense image matching, this method used the camera pose
estimation and sparse point cloud generation techniques. However, this approach
can still result in a noisy cloud and a number of mistakes. Based on the precise
identification and matching of homologous image features, which could be separated
into two major parts: image orientation and dense image matching, [25] used the
camera pose estimation and sparse point cloud generation techniques. However, this
approach can still result in a noisy cloud and a number of mistakes.

The study in [1] performed segmentation incorporating information from both
the 3D and 2D space based upon the same mathematical surface. In [12] divided the
different components of the building facade without giving the discovered segments
semantic names. These authors were concerned with small-scale objects and have
a view of a single image. They did not have semantic annotation for models. In [7],
the experimental results of the paper involve annotating the 3D model based on
feature points from corresponding 2D images. The advantage of the method lies in
using a binary mask to filter all the feature points of the 3D model of the same object.

However, the feature points and the binary mask on the 2D images were manually
created by the authors. Similarly, in [8], the authors employed a similar idea to
semantically annotate the 3D model based on 2D image features. The approach of
this paper involves extracting and recognizing features from a pre-recognized and
pre-trained model (such as faces) on the 2D images.

The combination of recognition on 2D and 3D models of the objects was limited.
We therefore propose an approach for 3D reconstruction, detection, and semantic an-
notation of a statue based upon information from the 3D model and a set of 2D images.
Then, we present an approach to segment objects based upon 2D/3D combination
and multimodal approach, working on both 2D and 3D information. This approach
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detects the information based upon a combination of 2D images and 3D models to de-
tect features in 2D and 3D objects.

Then, we present an approach to segment objects based upon 2D/3D combination
and multimodal approach, working on both 2D and 3D information. This approach
detects the information based upon a combination of 2D images and 3D models to
detect features in 2D and 3D objects.

3. Methodology

3.1. Overview
The goal of the proposed method is semantic annotations for 3D objects based on
segments of corresponding 2D objects. To do that, we used the machine learning
method [5,22] to train a model, then identify the components that created the 2D ob-
ject. The data for training here is a set of images collected from many objects and
a variety of sources. And to obtain 3D models, with each set of photos of the same
object performing 3D model reproduction (helped by [17, 19]), a range of processing
data are available).

The important stage of this process is to determine orientation, position and
calibrate the set of images to detect the relative orientations and the depth map of
the oriented images. Markers linking images are obtained according to SIFT features.

All relations between 2D pixels set and 3D model must be maintained along the
reconstruction process. Suppress this and the results of the stage are a semantic
segmentation image, which are created from an image segmentation converted into
a collection of regions of pixels represented in a labeled image. Thus, the propagation
of annotations between images is implemented with a 2D and 3D relative projection.
We process only the important segments of the image instead of the entire image Based
on the SIFT points, homologous points between pairs of images, direction of images
and stage of establishing is the image depth map. The state of model reconstruction
combined with image segmented on the same object. The flowchart of our approach
is shown in Figure 1.

Figure 1. Overview of our processing stages
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3.2. Data collection

In the field of 3D model reconstruction from images, to transform 2D image measure-
ments into 3D information, image data needs a mathematical framework. Most of the
time, at least two photos are needed to construct 3D data, and projective geometry or
perspective techniques can be used [20]. However, in order to improve the efficiency
of reconstruction and training, each pair of images needs to have an overlap, and the
parameters of the camera such as luminosity, focal length, aperture, and movement
speed should be stable [19].

We construct our dataset by digitizing sculptures at the Museum of Cham in
DaNang and MySon statues, by taking a set of images around each item. Figure 2 is
an example describing a digitization with various camera positions:

Figure 2. Describing camera positions

With each set of the multi-view images obtained, in the next section we introduce
the processing method and reconstruction of 3D model for each set of images.

3.3. Processing and reconstruction of 3D model

In the field of photogrammetry, to calculate depth maps and build 3D dense point
clouds, stereo matching techniques are typically utilized in pairs. Through the pro-
cess of interpolating the 3D sparse point cloud created by the picture orientation
process, an initial depth map is essentially produced [25]. This conversion is based on
a projection in object space of each pixel of a master image according to the image
orientation parameters and the associated depth values. During 3D reconstruction,
all images are considered the master image. They are selected and processed in a se-
quence. In addition, if we want to obtain color features of the object, we just need
to choose a master image, the one that can cover the whole object. Each 3D point
is associated with an RGB attribute from the master image [18]. In [24] describes
a method to recover depth points based on the disparities of corresponding image
points and the surface model produced.

Finding a mapping is the goal of matching Fpx : � 
 "px. The point cloud is
created in the 3D euclidean space � . The depth of the Euclidean space is "px and Z,
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in there Z is the image disparity or the Euclid distance between two images. As in
Figure 3 and Equation (1).

a) b) c)

Figure 3. MicMac uses three restitution geometries: a) ground, euclidean space;
b) image geometry that is discretized along the ray;

c) epipolar geometry resampled in image space

MicMac provides a sufficiently flexible formulation of the matching cost function
in terms of the optimization strategy and the dimension of the match.

E(Fpx) =

ZZ
T
A(x; y;Fpx(x; y)) + kr(Fpx)kreg (1)

The similarity metric between pixels is A(x; y;Fpx(x; y)), and kr(Fpx)kreg is the
gradient’s norm and determined as follows:

kr(Fpx)kreg = �1 � jr
�
Fpx

1
�
j+ �2 � jr

�
Fpx

2
�
j (2)

In which �1, �2 are the regularization of the disparity’s first and second elements,
respectfully. The a priori in the disparity space is controlled by value of kr(Fpx)kreg.
Micmac used a global reduction using the Min-Cut/Max-Flow approach to identify the
disparity map that optimizes the energy [23]. This stage provides a map of correlation
coefficients between pairs of images to determine the depth for each pixel in the depth
map. Each 3D point, after reconstruction, is always associated with a specific pixel.
The main processing steps on the stage of reconstruction [10,16,19] are described as
follows (see Fig. 4):
1. Take pictures from different positions and directions to cover the entire subject.
2. Calculate tie points and the match between all pairs of image using the SIFT

algorithm.
3. Use the tie point set of observations in the bundle adjustment and determines

the element of image orientation (external orientation and camera calibration).
4. Use orientation of image to measure the likelihood for pixels from two images

to belong to a unique three-dimensional point. And the image dense matching
performed in the image’s geometry with the pair image. As a result, one depth
map is generated for each image. These depth maps are merged into one single
point cloud model covering the entire area.

5. Finally, extract the global point set by using an energetic approach to minimize,
on the whole considered space, a sum made up of correlation coefficients for each
pair of images and smoothing term in order to homogenize the point set.
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Figure 4. Overview of point cloud generation process

In this stage, key points (interest points) are detected from image, then the key
points are computed for descriptors by Sift algorithm. By comparing the two sets of
stereo image descriptors, they will be matched to obtain corresponding points. The
point matches will be utilized to calibrate and align the photos in 3D coordinates,
as well as to acquire camera views automatically. Additionally, a well-known method
called RANDOM SAmple Consensus (RANSAC) is utilized to eliminate outliers, or
unreliable point matches, depending on camera settings. A bundle adjustment used
to compute the camera parameters is referred to [17].

Depth map merging: The multiple depth maps that focus on the same area of the
image are combined to eliminate the duplicate depth values for each back-projected
3D point and project to the 3D space. This results in a smooth and distinctive thick
cloud. While in the process of fusing, similar to the depth �ltering step before it, pixels
are once again projected to the three dimensional space and then back projected to
the neighboring views, merging only the depth values that are determined to be
close enough [25].

3.4. Semantic segmentation and annotation on 2D image

Convolutional Neural Networks (CNNs) are a type of deep learning algorithm highly
e�ective for visual data analysis. Designed to process pixel data, CNNs excel in
tasks like image classi�cation, object detection, and image segmentation by learning
spatial hierarchies of features through layers such as convolution, pooling, and fully
connected layers.

Convolutional neural networks are one of the most advanced models, having
been widely used in the deep learning method. From the research results of CNNs,
there have been many applications using the research results in the identi�cation
and image classi�cation. The paper uses the identi�cation and segmentation results
to annotate corresponding 3D object models. Figure 5 presents the process using
machine learning [5, 22] on our dataset, for identi�cation and image classi�cation.
The proposed method includes the following main stages: The �rst stage is to generate
a set of proposals candidate object bounding boxes that have the higher probability
of an object called a Region Proposal Network (RPN). The second stage extracts
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features using these proposals from each candidate box, performs classi�cation and
bounding-box regression. And the third stage presents mask segmentation on each
Region of Interest (RoI) as Figure 5.

1. Use convolutional neural networks to extract input features.
2. Characteristic zones are routed through RPN to �nd RoIs and return them to

bounding boxes in zones containing objects.
3. The RoIs are separated from the feature map and through the RoI pooling layer

to adjust and stack into blocks on the same size.
4. The RoIs are passed through the connection layer for classi�cation and boundary

box prediction.
5. In step 3, RoI continue to be processed through 2 convolutional steps to create

binary masks for objects.
From the method, we have gained a model, after training, for object identi�cation

and segmentation. Hereby, we propose a method of separating zones which have been
identi�ed, to mark and label di�erent parts, respectively, for each image in the dataset.
The purpose of reuse in the �lter extraction of speci�c zone and establish a depth
map for each image in section 3.4 and mark, label the 3D point set to create semantic
annotations for the objects.

Figure 5. The architecture of the Mask-RCNN model used to segment for one point of view

In the training step, authors [22] de�ned a loss function on each sampled RoI as:

L = L cls + L box + L mask (3)

Where, the classi�cation loss L cls (u; p) = log(pu ) is the log loss for each classu
with network predicted probability p. The box loss L box is de�ned over a tuple of
true bounding box regression targets and the center of box, dimensions for classu,
v = ( vx ; vy ; vw ; vh ), and a predicted tuple tu = ( tu

x ; tu
y ; tu

w ; tu
h ), for classu is:

L box =
X

2 x;y;w;h

smoothL 1 (tu
i � vi ) (4)

in which:

smoothL 1 (x) =

(
0:5x2; if jxj < 1

jxj � 0:5; otherwise
(5)
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L mask is de�ned as the average binary cross entropy loss:

L mask = � (ylog(p) + (1 � y)log(1 � p)) (6)

After performing the model training, the segment results of some statues will be
shown in Figure 6. Thereby, each segmented image will be processed to attach a cor-
responding label and ID. For the same segment type, the same label will be used. As
the Figure 7 shows, although the images have di�erent shooting directions, if the part
of the head, arms and legs are the same, they will all have the same label.

Figure 6. Using pre-trained models for annotation and segmentation

The aim of this step is to build an instance segmentation model for cultural
heritage items segmentation by �ne-tuning the state of the art Mask-RCNN algorithm.
The model is performed using heritage dataset which is prepared and collected from
Vietnamese statues.

3.5. Multi-modal merging step : automatic indexing 3D points sets

The 3D model obtained from one point of view after reconstruction is an unstructured
of points and its information is discrete. However, the 3D points that are characterized
are obtained from the feature sets, and each point is added with depth information.
From that results, our method annotates the 3D object based on the identi�ed and
segmented set of images. Based on the masking of the segmented images to mark
and �lter the corresponding 3D point cloud, with each segmented part the creation
of a 3D mask, labeling and indexing 3D points.

The sequential steps are described as follows:

1. Using the trained model to segment each image, set corresponding labels for each
segmented part. Each segmented part must contain pixels with a di�erent color
and classes.

2. For each segmented image, we need to extract information as orientation, position
and depth map that have been created in the reconstruction step.

3. Create a binary mask and apply corresponding labels to each segmented part.

4. Based on the depth map of each image, create the sub 3D point cloud and the cor-
responding binary mask to extract the set of 3D points for each segmented part.

5. Each obtained 3D point set for each segment part on the same label is merged.
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In this step 4, the images are oriented in relation to each other, and the depth map
of each image created. Each depth map is converted into a 3D, metric point cloud
by projecting each pixel of the image in space according to the image orientation
parameters and pixel depth by [24] and method [7, 11], based on the binary mask,
to extract the set of pixel depth for each mask part according to the segmented
composition. With each data set collected, we perform the model reconstruction to
obtain 3D point cloud. As shown in Figure 7, the results on some models will have
3 di�erent perspectives after reconstructing.

Figure 7. Annotation 3D model based on segmentation and orientation
of the corresponding images

In Figure 7 one can see the generation of a point cloud for a segment, we made:
For each image of the dataset segmented and labeled has similar labels, then group
together (as arm, legs, face and so on). These segments have the same label mapped to
3D point cloud based on extracting the depth map corresponding to each part. Finally,
merge all subset of point cloud with the same label. Because all the generating point
clouds are in the same reference system, they can be easily mixed together, based
on the position and orientation of segmented image and the depth images created
point cloud. As described in section 3.3, these images used in the steps for the
point cloud generation. It has an oriented, de�ned position in the MicMac tool chain.
Figures 8 and 9 present 3D segments which are annotated and merged on one image.

Figure 8. Use the mask of one segmented images to �lter the corresponding 3D point cloud
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Figure 9. The example of depth map in 3D view and the merged point cloud

4. Experimental results

The image dataset used for training stage were obtained from heritage objects in
museum of Vietnam such as Da Nang, MySon. The sample images are summarized
in Figure 10, but they do not consist of the number of acquired images. The images
are also used for 3D modeling obtained from heritage objects such as sculpture, statue.
To provide data for training the CNN network for automatic semantic segmentation,
the data labeling was done manually. The labeled images include �ve classes sharing
certain similarities, namely �left hand�, �right hand�, �leg right�, �leg right�, �face�.
We train the statue model architecture with backbone CNNs namely ResNet-101
and using our own dataset to �ne-tune all layers directly on the pre-trained weights
obtained from MSCOCO dataset [5,9].

As Figure 10 shows, various patterns of images were obtained from Champa
museum for various statue type Shiva lingam, Garuda, Visnu, Tusi, Myson, Nuthan,
Linhvat.

The Figure 11 shows training and validation loss value and the Region Proposal
Network loss value while training one of the segmentation models.

Figures 12, 13 and 14 show the results of the instance segmentation framework
on sample statues. Our research results are also limited by training and evaluation
elements to arms, legs, face of the statue. The next step will be: given each set of 2D
multi view images, 3D model is reconstructed and represented with texture. With
the [24] method, we can obtain a 3D model from the set of images taken around the
object from the featured point set analysis of the image and use the geometric model
to reconstruct the model. All relations between 2D pixels set and 3D model must be
maintained along the reconstruction process. The sample images and 3D model of
Cham statue are shown in Figures 16 and 15.
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