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A missing color area extraction 
approach from high‑resolution 
statue images for cultural heritage 
documentation
Adel Nasri* & XianFeng Huang

Ancient statues are usually fragile and have a tendency to deteriorate over time, developing cracks, 
corrosion, and losing color. Before any intervention on the object of art, a conservator must map 
degradation and take measurements. Deterioration mapping is an extremely long process, as 
the conservator or restorer must locate and digitize the damages manually and collect physical 
measurements from the artwork. Extracting and measuring the deterioration automatically from 
images is less expensive and aids the digital documentation process, thus reducing the time cost of 
manual deterioration mapping. In this paper, we propose an effective approach named Missing Color 
Area Extraction in order to extract and measure missing color areas from high‑resolution imagery 
statues, using a thresholding technique. The conversion from RGB color space to HSV color space is 
applied, in addition to morphological operations to remove the dust and small objects.

Cultural Heritage is the most common mean of identity in any country. These heritage objects are often fragile, 
vulnerable, and sometimes even threatened to disappear for various  reasons1. There is no doubt that the mission 
of transmitting cultural heritage to future generations is not limited to publish scientific studies data. If the herit-
age object as a material entity has value for the scientist in its historical significance, it remains the last trace and 
the last witness of our predecessor’s passage. Therefore, this legacy must be treated with respect for our human 
conscience, since non-renewable destruction irreversibly alienates our cultural heritage. We must make sure that 
they are well documented because the loss of heritage means the loss of a part of our identity.

According  to2, cultural heritage conservation is considered a vital process in cultural  heritage3. Additionally, 
the documentation process consists of three stages of understanding the importance, policy development, and 
management. In the fundamental needs of any conservation project and before planning any intervention in an 
asset of heritage interest, it would be better to have the most complete documentation possible and preferably in 
digital format to facilitate the management and sharing of the available information. Such documentation cor-
responds to the current state of the asset but should ideally continue in later phases to assist in monitoring and 
maintenance tasks. It is hard to obtain such documentation, but it is necessary to help preserve and disseminate 
tangible cultural heritage.

The pictures captured in many areas, such as earth  science4,  astronomy5,  biology6,  industry7, etc. helps to 
solve many of the issues that are hard to solve with traditional  methods8. Images have also helped to develop 
important fields, such as heritage, which allows the assessment and measure of damaged areas without any physi-
cal  contact9. Hence the rapid development of digital computing has led to a vast expansion of applications for 
computer vision  systems10–12. Before, these processes need to be done manually. These processes are considered 
very tedious and costly such as feature identification, measurement, and cartographic elaboration. Nowadays, 
the automated process of feature extractions uses high-performance computers and cameras.

The relationship between cultural heritage and new technologies is very  complicated13, and it requires a deep 
understanding and knowledge from multiple subjects. The use of image segmentation is demonstrating to be of 
prodigious help in the analysis and archival of heritage  documentation14. There are many studies and published 
articles in recent years that propose algorithms to analyze painting images, where researchers provide some 
specific measurable appearances for cracks detection and removal in digital  painting15, as well as for virtual 
 restoration16.
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Many ancient artworks, especially statues of Mogao Caves in Dunhuang temple, get damaged during the time 
and suffer from several degradations such as cracks, lacunas, and missing color. The missing Color area is the 
common damage that refers to the type of degradation and presents the pattern of original color changing that 
develops across ancient artwork. The missing color area phenomenon is due to the materials used for the artwork 
and the atmospheric variations that statues have been exposed to. In addition, other reasons such as physical 
tensions in the  structure17, external mechanical  factors18 such as human manipulation or storage  conditions19.

The operation of degradation mapping, measuring, and monitoring cultural heritage is done manually in 
this field. Such a process is considered long and tedious due to cost and time. Therefore, the use of automatic 
methods that exploit high-resolution images represents a potentially interesting alternative.

Image Segmentation is a process comprising in separating an image into groups of items. The segmentation 
focuses on the creation of homogeneous colored regions  characteristics20. These characteristics are generally 
defined in computer vision by discontinuities and similarities between intensity values, spectral radiation, or 
textural patterns within an  image21. The result is a collection of pixel clusters where characteristics differ signifi-
cantly from those of their neighbors in each cluster. The objective of segmentation is to add structure to the data, 
which allows a faster enabling and more accurate analysis. The application of image segmentation strategy in the 
heritage domain can be used in order to extract missing color  regions22. The knowledge on the exact position or 
precise volume of missing color and risk areas is capital for conservators to elaborate the degradation mapping, 
initiate restoration operations by facilitating the delineation of regions of interest, visualizing, assessment, and 
measuring damaged areas.

In the field of heritage, most research studies focus on extracting, measuring, and removing of cracks from 
image paintings. However, in the literature, we found that the extraction and measurement of damaged areas 
in statues are not well explored. The images taken by cameras are often processed using different segmenta-
tion  strategies23. A methodology measurement using a non-contact device (a CMOS digital) used  by23. One 
creative program, for example, based on segmenting the decay zones from images of stone  materials24–26. Also 
An integrated and automated segmentation approach to deteriorated regions recognition for cultural heritage 
 artifacts27,28.

Overall, diverse approaches for image processing in the field of cultural heritage information extraction were 
proposed. The studied papers show that different techniques are used for many kinds of heritage  applications29, 
and they gave different results. Therefore, the proposed methods are not efficient for all applications.

In this paper, we propose an approach of missing color area extraction measurement for ancient statues of 
Mogao Caves in Dunhuang, and we name Missing Color area extraction (for short, MCAE). In addition to a 
collection of different statue images downloaded from different sources. The main objective of this paper is to 
develop an overall digital image processing algorithm for automatic missing color area extraction and measure-
ment from statues imagery, which indicates a damaged area on the statues, in addition, helping conservators and 
restorers to locate and determine precisely the measurement deterioration and its characteristics, as well as for 
the elaboration of degradation mapping. Moreover, this paper will take advantage not only as document archive 
and preservation purposes, but also for maintenance, rehabilitation, and restoration.

In this paper, we present two main contributions. This research is the first study that has been used for the 
extraction and measurement of damaged areas from high-resolution statue images for cultural heritage, where 
there is a lack of studies in this research area. Secondly, we propose MCAE, a simple and efficient methodology 
for the extraction and measurement of the missing color areas.

Materials and methods
The ever -increasing value of images and computer vision techniques needs many demands for analysis, and 
automatic extracting and measuring of information using image segmentation to facilitate and improve the docu-
mentation, protection, and restoration process. This paper focuses on the use of images taken by digital cameras.

Data. In this paper, the datasets provided by Daspatial company for academic research purposes were used 
in order to achieve our aim. There are two RGB images of statues of Mogao Caves in Dunhuang in this dataset. 
Mogao Caves is considered one of the most important World Cultural Heritage properties in China according to 
its archaeological data. The Mogao Caves are a unique site of outstanding value,and they represent an irreplace-
able and irreproducible human resource. These caves are inscribed on the World Heritage list since  198730, where 
we can observe several frescos, mural paintings, and precious statues dated from the fourth to the fifth century, 
which are located in 492  caves31. The Mogao Caves provides and documents precious and exceptional data for 
numerous fields such as history, art, and archaeology studies. In addition, the provided data helps to understand 
the cultural exchange and connection between West and South Asia during the antiquity. After the abandon-
ment of the Silk Route in the thirteenth century, the caves were uninhabited, and the archeological data such as 
many statues, have deteriorated. The data provided by Daspatial company are two RGB images with a dimension 
of 5616 × 7344 taken by the Canon EOS-1Ds Mark III Camera.

Besides, various RGB statue images are downloaded from different websites. These images were captured with 
different cameras under different conditions, with different sizes. It is important to mention that the obtention 
of high-resolution statue images of damaged areas is not easy. As known, the accessibility to cultural heritage 
data is so limited due to the privacy and data protection issues.

Missing color area extraction. Image processing methods for missing color area extraction for heritage protec-
tion is the term used in this paper. MCAE is defined as a procedure to find the similar region of interest in the 
pictures. MCAE is based on the similarities in their features, an 8-bit RGB image is the starting point, and the 
final result is supposed to be a binary image of missing color. In addition to different segmentation techniques, 
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the extraction of missing color area involves the conversion between two model spaces, from RGB to HSV model 
space, Color-Based segmentation by using the thresholding technique of each component in HSV model space 
is investigated, in addition to logical and morphological operations. Figure 1 illustrates the main steps of MCAE 
approach.

We discuss the different steps used in the proposed approach MCAE in detail.

RGB to HSV model space. The color range that a camera can see is described in a color  space32. The pur-
pose of defining a color model should be qualified and specified in some colors accepted normal manner. It is a 
collection of codes for every color. Each pixel in a picture has a color in the color space so that pixel labeling can 
use this color space. All colors can be defined in different ways, so there are diverse color spaces, as well. The size 
of a color space depends on the main color’s number of  tones33.

The HSV coordinate system presented  in34 is based on a hex-cone model, as it is shown in Fig. 233. Hue, Satu-
ration, and Value (HSV) model is widely used for developing image processing algorithms. The Hue is a color 
attribute that describes the pure color, Saturation is the measure of the degree to which the color described by 
Hue is diluted by white light, and value is the measure of intensity.

HSV is preferred over the red, green, and blue (RGB) for processing purposes because of its effectiveness in 
describing the color and for feature extraction, and illumination invariance separates the image intensity from 
the color information and reduces the effect of light changing.

There are three values of R, G, B. These values should be between 0 and 1. Each value range from 0 to 255, 
we divide each value first by 255.

Image Input RGB RGB to HSV Space

Color-based Segmenta�on

Hue, Satura�on, Value

Thresholding in HSV

Morphological and Logical 

opera�ons (Opening, Closing)

Extracted ROI image

Measurement

Figure 1.  Illustrates the flowchart of the proposed approach for missing color area extraction.

Figure 2.  Illustration of the HSV color space.



4

Vol:.(1234567890)

Scientific Reports |        (2020) 10:21939  | https://doi.org/10.1038/s41598-020-78254-w

www.nature.com/scientificreports/

The conversion from RGB model space to HSV model space is done by using the following set of equations:
The V band of each RGB pixel is given by the Eq. (1) used  in35:

The S band is calculated by using the Eq. (2),

then, the H band is obtained by using the following equations:

If G = V, then,

If B = V, then,

For RGB image, it is necessary to have three separate elements of data for each pixel, a (true) color image 
of size m× n is represented by a matrix of extent m× n× 3, which is considered a three-dimensional matrix. 
Considered such a matrix as a single unit containing three separate arrays which are aligned vertically. By using 
the colon operator, we can separate each color band. This step consists of extracting and computing each com-
ponent individually.

Color image segmentation. One of the techniques to do Image Segmentation is thresholding, which is to 
transform gray or RGB images into a binary image. The optimal measurement distance will be very important 
because consistency depends on the measurement of distances between colors. In this case, all methods found in 
the related works use the Euclidean distance to calculate the resemblance between two color pixels.

From the high-resolution image to do image-based color segmentation, region segmentation has a significant 
influence in order to extract the missing color area. Basically, color clustering is based on region. It colors the 
same area with tags to make the region of interest totally extracted and faster to use clustering to do segmenta-
tion work. It is also a kind of region-based image segmentation that can use the spatial characteristics to classify 
the pixel because it has a high sensitivity to color. According to the color distance, we cluster the similar colors. 
The distance is considered to the color close degree. As shown in Eq. (6):

where H, S, V are image color components, respectively.
After clustering the similar colors, an operation of selecting typical samples of area patterns and get color 

distance about samples and area on the image. Indeed, the dust is making things a bit harder because the color of 
region of interest (ROI) and the dust on the statue have very close pixel values. Based on the typical color of an 
element as the cluster center, if the distance is less than the set threshold Th , it estimates the pixel approximately 
as region pixel of the image, then it compares the results of distance to the thresholds until the major elements 
of the image are all carrying out color clustering.

Based on the color distance formula for color clustering, the threshold has a great effect on the results of 
clustering. Threshold formula is in Eq. (7):

where D1, D2, D3 are the values after averaging between the given color patch and image elements. After color 
clustering, the missing color area is extracted.

Mathematical morphology. After the thresholding step, mask those thresholding values of each color 
content for each color in the image by using logical operators. Then we combine the masks of three bands to find 
where all three bands are "true.", then we will have the mask only the region of interest (ROI).

(1)V = max{R,G, B}

(2)S =

{
V −min(R,G, B)

V −max(R,G, B

}
, V �= 0

If S = 0, thenH = 0.

If R = V,

(3)H =

{
60(G−B)

V−Min(R,G,B)
,G ≥ B,

360+ 60(G−B)
V−Min(R,G,B)

,G < B,

(4)H = 120+
60(B− R)

V −Min(R,G, B)
,

(5)H = 240+
60 ∗ (R − B)

V −Min(R,G, B)
,

(6)F =

√
(H1−H2)

2 + (S1−S2)
2 + (V1−V2)

2

(7)
√

(D1)2 + (D2)2 + (D3)2 < Th
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The logical operators are changed according to the color of the missing area. Mathematical morphology and 
filtrate were first introduced  by36  and37 for geometric analysis. The image’s morphology  operation38 is one of the 
most significant tools used in digital image processing used by researchers in various scientific fields. Based on 
a formal framework of mathematics, mathematical morphology delivers a method to the processing of digital 
images that are based on geometrical shape. It uses operations such as dilation, erosion, openings, closings. The 
dilation of set A by B is defined in Eq. (8):

where z is all the displacements of the origin of B over A, where at least one element in B ̂ extends beyond the 
elements in A. Erosion of set A by B is defined in Eq. (9):

The erosion of A and B process is similar to dilation, except that the boundaries of A are reduced instead of 
enlarged. The process performs a relative complement operation on A by B, for all z.

There are many types of morphological closing operation based on shapes, each pixel in the image is adjusted 
based on the value of other pixels in its neighborhood. By choosing the size and shape of the neighborhood.

As the dust has shown as a missing color area, the opening operation can successfully clean and remove high-
intensity forms that are smaller in width and/or length than the structuring element (SE)39. As well as, the closing 
operation, which is the combination between dilation and erosion, is efficient in smoothing contour portions, 
eliminate low-intensity forms that are smaller in width and/or length than the structuring element and fill gaps 
in the contour. As it is mentioned above, there is a must to measure the extracted region due to this reason. The 
gaps in all these sets must be filled so that the measures obtained are reliable.

A logical AND operation is achieved after masking the color content between those masked color contents to 
extract the region of interest of our images. The output of this step has resulted in an image with the representa-
tion out of the area of interest. Before the final step, the resulted image of logical AND operated in the previous 
step, we multiply operation with the original RGB image.

Since the RGB-space is a standard color space, an imported image has its RGB-values automatically. Each 
pixel in the image has its own value of red, green, and blue, and these values define a color matrix coordinate. At 
this coordinate, the pixel will receive the color matrix value. We have labeled each blob extracted in order to get 
the measurement of the mean HSV and the extracted area of our region of interest (ROI).

Results and discussion
We describe all processing tasks with the output results in this section. The proposed method is tested on two 
data sets: the first dataset is two RGB images 1 and 2 of statues of Mogao Caves in Dunhuang.

In the second dataset, we use our proposed approach on 18 RGB statue images from 3 to 20 of heritage statues 
downloaded from different sources. The size of selected images differs from an image to another, and the image 
varies in brightness, background, size of the damaged area, and characteristics.

The implementation and processing were performed in MATLAB 2015b. All experiments were performed on 
a personal computer with an Intel Xeon CPU E3-1240 v5 processor with 3.50 GHz and 16 GB RAM.

By using our proposed approach color-based segmentation MCAE, the case missing color area was separated 
from the low saturation of the other regions. To carry out this segmentation, several images are generated during 
the analysis of image 1 in Fig. 3.

The ranges of threshold ThH for a missing color area pixel of the three-color bands in HSV color space used 
by our algorithm are: 0.052 ≤  ThH ≤ 0.106 for Hue band, 0.407 ≤  ThS ≤ 0.452 for Saturation band and 0.598 ≤  
ThV ≤ 0.887 for Value band.

As it is shown in Fig. 4, we have obtained a fairly good image segmentation because dust is covered different 
parts of the statue, which is pretty close to the targeted region of interest. The pixel values of the dust and miss-
ing color area of the statue are very close to each other in the original image, which makes it difficult to extract 
only the missing color region of the statue. Those pixels are associated with the wrong region of interest (ROI). 
We have cleaned the dust and other small objects (< 5000 pixels) by opening operation and by chooing a disk 
structuring element with a diameter of 4.

Note that the variations of those values result in the different selected images give different results. For each 
image, the size of missing color area, dust, the level of details, and brightness of each image.

Furthermore, closing operation used for smoothing the border completes all the lost gapes in the statue as 
they are most likely also extracted.

The last results obtained of image 1 and 2 are shown in Figs. 5 and 6 respectively:
According to the results shown in Fig. 7, missing color regions are extracted successfully by using our pro-

posed approach MCAE. The measurement of the extracted areas to get a number of pixels extracted shown in 
Table 1.

After applying the proposed approach MCAE on the dataset of twenty statue images of missing color areas, 
the results obtained were as follows: The use of the MCAE approach gives an outstanding output that measured 
missing color areas. Also, a visual check and examination by eye demonstrate that the proposed automatic 
extraction method based-color successes to extract and measure the desired missing color areas. Nevertheless, 
the accuracy assessment of this result must be completed in order to assess the efficiency of the proposed method.

(8)A⊕ B =

{
z

∣∣∣(̂B)z ∩ A ⊆ A

}
.

(9)A⊖ B = {z|(B)z ⊆ A }.
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Figure 3.  (a) Image input; histograms of hue, saturation, and value, (b) histogram of all bands and histogram 
of hue, saturation and value, each histogram shows the perfect thresholding ranges found based on MCAE and 
distribution of colors in the image. (c) Mask only regions with the chosen color, mask of hue, saturation and 
value.

Figure 4.  Result after segmentation shows the dust extracted as missing color area.
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Figure 5.  The obtained results of image 1. (a) Border smoothed, (b) region filled, (c) The big particle region of 
missing color area extracted.
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The quantitative evaluation of the experimental results is achieved by comparing the results of MCAE against 
a manually digitized using ImageJ, which is a cross-platform, open-source image processing and analysis software 
used in all scientific  fields40. However, imageJ particularly focuses on biomedical applications. In our case, ImageJ 
is used to get the total number of pixels, this tool is considered a high-quality reference model to perform the 
accuracy as summarized in Table 2, for the quantitative evaluation of the obtained results.

From Table 2, the results of missing color area extraction MCAE are quite satisfied with an average rate of 
90.38%, except image No 01 has a low measurement compared to the rest of the images. These results are due 
to the presence of the dust. The dust, the environmental lighting, and surface conditions of the statues have a 
significant influence on unmeasured missing color areas.

Conclusions
This study mainly presents a method for automatic extraction and measurement of missing color area MCAE 
from statue images of cultural heritage. Firstly, conversion from RGB model space to HSV model space is needed. 
Then Color-Based segmentation is initiated based on the thresholding technique, which is followed by masking 
thresholding values. Moreover, we performed morphological opening and closing operations to remove dust 
and small objects from images and some other logical operations.

Based on the comparison of the extraction results with the digitization of missing color areas, the results of 
the proposed approach MCAE determine about 90% of the missing color areas are extracted, while about 10% of 
region of interest is unextracted due to the dust, variations of the lighting, surface conditions, and environment.

The important advantage of the proposed approach MCAE is considered in its simplicity and robustness that 
can be extended for the extraction and measurement of other types of pathologies in the heritage domain. This 
study shows the usefulness of an automated system as a low-cost alternative for manual degradation mapping 
and measuring its extracted regions.

However, as we mentioned above, many factors have a significant impact on measuring and extracting missing 
color areas, such as dust, environmental lighting, and surface conditions of the statues. Therefore the proposed 
method does not reach its best performance on some regions, in which one or more influenced factor is present. 
As future work, we plan to improve this work in several directions. First, we will deal with various factors and 
adapt the proposed method to different extraction targets by applying deep learning methods for identifying 
regions covered by dust. In addition, we plan to develop a method that enables a virtual restoration of missing 
color areas. Finally, we intend to extend our system for mural painting application.

Figure 6.  Shows the experimental results on the statue base of Mogao Caves. To extract the ROI, we set the 
parameters as follows: 0.058 ≤  ThH ≤ 0.106 for hue band, 0.416 ≤  ThS ≤ 0.662 for saturation band and 0.539 ≤  
ThV ≤ 0.734 for the value band. Opening operation (< 2000 pixels) and by choosing a disk structuring element 
with a diameter of 4.
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Figure 7.  Shows the images used and the output of applying MCAE approach.



10

Vol:.(1234567890)

Scientific Reports |        (2020) 10:21939  | https://doi.org/10.1038/s41598-020-78254-w

www.nature.com/scientificreports/

Figure 7.  (continued)
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Figure 7.  (continued)
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Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding 
author on reasonable request.

Received: 5 June 2020; Accepted: 17 November 2020

Table 1.  Measurement of the extracted regions by using our proposed MCAE approach.

Image Number of pixels measured

1 135,146

2 104,901

3 45,597

4 114,275

5 81,189

6 21,004

7 19,688

8 3343

9 5001

10 13,696

11 6251

12 8479

13 28,198

14 58,527

15 65,954

16 5328

17 9513

18 41,787

19 3102

20 1365

Table 2.  Summary of accuracy measurement between our proposed approach MCAE and IMAJ J.

Image
Number of pixels measured
Using MCAE

Number of pixels measured reference model
IMAJ J

1 135,146 168,655

2 104,901 106,171

3 45,597 46,816

4 114,275 122,483

5 81,189 87,177

6 21,004 23,333

7 19,688 21,127

8 3343 3520

9 5001 5061

10 13,696 14,863

11 6251 7146

12 8479 9315

13 28,198 30,220

14 58,527 59,640

15 65,954 70,527

16 5328 6013

17 9513 10,720

18 41,787 55,916

19 3102 3755

20 1365 2080



13

Vol.:(0123456789)

Scientific Reports |        (2020) 10:21939  | https://doi.org/10.1038/s41598-020-78254-w

www.nature.com/scientificreports/

References
 1. Garg, S. & Sahoo, G. A comparative study of classification methods for cracks in old digital paintings. In: Int. Conf. on Emerging 

Trends in Engineering and Technology (2013).
 2. Australia, I. The Burra Charter: The Australia ICOMOS Charter for Places of Cultural Significance (Deakin University, Burwood, 

2013).
 3. Hassani, F. Documentation of cultural heritage techniques, potentials and constraints. Int. Arch. Photogramm. Remote Sensi. Spatial 

Inf. Sci. 40, 207–214 (2015).
 4. Witharana, C., Civco, D. L. & Meyer, T. H. Evaluation of data fusion and image segmentation in earth observation based rapid 

mapping workflows. ISPRS J. Photogramm. Remote Sens. 87, 1–18 (2014).
 5. Núñez, J. & Llacer, J. Astronomical image segmentation by self-organizing neural networks and wavelets. Neural Netw. 16, 411–417 

(2003).
 6. Burget, R., Uher, V. & Masek, J. Biology inspired image segmentation using methods of artificial intelligence. J. Softw. Eng. Appl. 

5, 172 (2012).
 7. Amosov, O., Ivanov, Y. & Zhiganov, S. Semantic video segmentation with using ensemble of particular classifiers and a deep neural 

network for systems of detecting abnormal situations. IT Ind. 6, 14–19 (2018).
 8. Yang, Y., Shafi, M., Song, X. & Yang, R. Preservation of cultural heritage embodied in traditional crafts in the developing countries. 

A case study of pakistani handicraft industry. Sustainability 10, 1336 (2018).
 9. Bhagat, S. et al. Damage to cultural heritage structures and buildings due to the 2015 Nepal Gorkha earthquake. J. Earthq. Eng. 

22, 1861–1880 (2018).
 10. Silva, L., Bellon, O. R. & Boyer, K. L. Computer vision and graphics for heritage preservation and digital archaeology. Revista de 

Informática Teórica e Aplicada 11, 9–31 (2004).
 11. Káňa, D. & Hanzl, V. Application of computer vision methods and algorithms in documentation of cultural heritage. Geoinform. 

FCE CTU  9, 27–38 (2012).
 12. Hallermann, N., Morgenthal, G. & Rodehorst, V. Vision-based monitoring of heritage monuments: Unmanned Aerial Systems 

(UAS) for detailed inspection and high-accuracy survey of structures. WIT Trans. Built Environ. 153, 621–632 (2015).
 13. Cappellini, V., Barni, M., Corsini, M., De Rosa, A. & Piva, A. ArtShop: an art-oriented image-processing tool for cultural heritage 

applications. J. Vis. Comput. Anim. 14, 149–158 (2003).
 14. Piccialli, F. & Chianese, A. Cultural Heritage and New Technologies: Trends and Challenges (Springer, Berlin, 2017).
 15. Deborah, H., Richard, N. & Hardeberg, J. Y. Vector crack detection for cultural heritage paintings. In: Proceedings of Traitement 

et Analyse de l’Information, Méthodes et Applications (TAIMA) (2015).
 16. Karianakis, N. & Maragos, P. An integrated system for digital restoration of prehistoric Theran wall paintings. In: 18th International 

Conference on Digital Signal Processing (DSP). 1–6 IEEE (2013).
 17. Carroll, P. & Aarrevaara, E. Review of potential risk factors of cultural heritage sites and initial modelling for adaptation to climate 

change. Geosciences 8, 322 (2018).
 18. Bertolin, C. Preservation of Cultural Heritage and Resources Threatened by Climate Change (Multidisciplinary Digital Publishing 

Institute, 2019).
 19. Nicolaus, K. The restoration of Paintings Könemann Veragsgesellschaft mbH (Cologne). (ISBN 3-89508-922-2, 1999).
 20. Tan, K. S. & Isa, N. A. M. Color image segmentation using histogram thresholding–fuzzy C-means hybrid approach. Pattern 

Recognit. 44, 1–15 (2011).
 21. González, R. & Woods, R. Digital Image Processing Vol. 567 (Prentice Hall, Upper Saddle River, 2002).
 22. Pal, N. R. & Pal, S. K. A review on image segmentation techniques. Pattern Recognit. 26, 1277–1294 (1993).
 23. Sanmartín, P., Chorro, E., Vázquez-Nion, D., Martínez-Verdú, F. M. & Prieto, B. Conversion of a digital camera into a non-contact 

colorimeter for use in stone cultural heritage: the application case to Spanish granites. Measurement 56, 194–202 (2014).
 24. Cossu, R. & Chiappini, L. A color image segmentation method as used in the study of ancient monument decay. J. Cult. Herit. 5, 

385–391 (2004).
 25. Cerimele, M. M. & Cossu, R. Decay regions segmentation from color images of ancient monuments using fast marching method. 

J. Cult. Herit. 8, 170–175 (2007).
 26. Cataldo, A. et al. Dielectric permittivity diagnostics as a tool for cultural heritage preservation: application on degradable globige-

rina limestone. Measurement 123, 270–274 (2018).
 27. Manferdini, A. M., Baroncini, V. & Corsi, C. An integrated and automated segmentation approach to deteriorated regions recogni-

tion on 3D reality-based models of cultural heritage artifacts. J. Cult. Herit. 13, 371–378 (2012).
 28. Koutsoudis, A., Pavlidis, G., Liami, V., Tsiafakis, D. & Chamzas, C. 3D pottery content-based retrieval based on pose normalisation 

and segmentation. J. Cult. Herit. 11, 329–338 (2010).
 29. Barrile, V., Fotia, A., Bilotta, G. & De Carlo, D. Integration of geomatics methodologies and creation of a cultural heritage app 

using augmented reality. Virtual Archaeol. Rev. 10, 40–51 (2019).
 30. UNESCO. Mogao Caves. Available online: https ://whc.unesc o.org/en/list/440/ (accessed on 23 April 2020).
 31. Zhang, F. et al. Texture reconstruction of 3D sculpture using non-rigid transformation. J. Cult. Herit. 16, 648–655 (2015).
 32. Bora, D. J., Gupta, A. K. & Khan, F. A. Comparing the performance of L* A* B* and HSV color spaces with respect to color image 

segmentation. arXiv :1506.01472  (2015).
 33. Kasson, J. M. & Plouffe, W. An analysis of selected computer interchange color spaces. ACM Trans. Graph. (TOG) 11, 373–405 

(1992).
 34. Morshidi, M. A., Marhaban, M. H. & Jantan, A. Color segmentation using multi layer neural network and the HSV color space. 

In: International Conference on Computer and Communication Engineering. 1335–1339. IEEE (2008).
 35. Chang, H.-W. & Lan, S.-D. Image fusion based on addition of wavelet coefficients. In: International Conference on Wavelet Analysis 

and Pattern Recognition. 1585–1588 IEEE (2007).
 36. Matheron, G. Random Sets and Integral Geometry [By] G. Matheron. (Wiley, [1974, C1975], 1974).
 37. Serra, J. Mathematical Morphology and Image Analysis (SIAM, Washington DC, 1982).
 38. Htun, Y. Y. & Aye, K. K. Fuzzy mathematical morphology approach in image processing. World Acad. Sci. Eng. Technol. 42, 659–665 

(2008).
 39. Van Den Boomgaard, R. & Van Balen, R. Methods for fast morphological image transforms using bitmapped binary images. CVGIP 

Graph. Mod. Image Process. 54, 252–258 (1992).
 40. Rasband, W. S. ImageJ, US National Institutes of Health, Bethesda, Maryland, USA. http://image j.nih.gov/ij/ (2011).

Acknowledgements
We would like to thank Daspatial company for providing Data for this research and The State Key Laboratory of 
Information Engineering in Surveying, Mapping, and Remote Sensing, Wuhan University for extending their 
support and providing us the resources necessary for completing this paper.

https://whc.unesco.org/en/list/440/
https://arxiv.org/abs/1506.01472
http://imagej.nih.gov/ij/


14

Vol:.(1234567890)

Scientific Reports |        (2020) 10:21939  | https://doi.org/10.1038/s41598-020-78254-w

www.nature.com/scientificreports/

Author contributions
The first author A.N. proposed the idea, experiments, and methods. The work discussed and supervised by 
X.H., and he provided effective advices. The paper was written and structured mainly by A.N., and it revised 
and reviewed by X.H.

Funding
This research was funded by Multi-source fusion method for high realistic color 3d reconstruction of cross-scale 
cultural relics investigate (2020YFC1523003).

Competing interests 
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to A.N.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://creat iveco mmons .org/licen ses/by/4.0/.

© The Author(s) 2020

www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	A missing color area extraction approach from high-resolution statue images for cultural heritage documentation
	Materials and methods
	Data. 
	Missing color area extraction. 

	RGB to HSV model space. 
	Color image segmentation. 
	Mathematical morphology. 

	Results and discussion
	Conclusions
	References
	Acknowledgements


