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Abstract: Evaluating the effects of wall restoration on ancient buildings has been a difficult task,
and it is important that the overall appearance of the restored walls of ancient buildings is similar,
harmonious, and uniform. This paper used a hue–saturation–value (HSV) color space and Circular
Local Binary Pattern (CLBP) to analyze the comprehensive similarity between a restored wall and
the original walls in Qi Li Ancient Town. The results show that the values of the comprehensive
similarity calculation of ancient buildings based on the color and texture were consistent with the
actual situation. The method is suitable for evaluating the degree of matching between wall repair
materials and the appearance of the original wall materials of ancient buildings, and it can also be
used to assess the comprehensive similarity between the repair materials and the original building
walls before carrying out the wall repair in order to select more suitable materials for wall repair
and achieve the best repair effect. And it is flexible and objective compared to human judgement.
Through the accurate restoration of ancient buildings, not only can we protect cultural heritage and
continue the historical lineage, we can also enhance the aesthetic value of buildings and meet people’s
needs for historical and cultural tracing.

Keywords: HSV color space; circular local binary pattern; restoration; antient buildings; image
similarity

1. Introduction

As a part of cultural heritage, ancient buildings carry historical memories and peo-
ple’s emotions [1,2], and have high artistic and scientific research value [3,4]. However,
being subject to the erosive effects of human activities and the natural environment, the
appearance and texture of these ancient buildings have gradually deteriorated and faded,
and some of them have also suffered structural damage for various historical reasons [5–7].
Therefore, there is an increasingly urgent need to preserve and restore ancient buildings.
The study of ancient building restoration as a means of preserving the art of ancient ar-
chitecture is often a scientific study that integrates material science, artistic aesthetics,
structural mechanics, and architecture [8]. In the study by Kharfi et al., ancient Roman
ceramic bricks were successfully dated by the thermoluminescence method. In addition,
the origin of the materials used to make the bricks was determined by X-ray fluorescence
analysis (XRF) [9]. Currently, research on the restoration of ancient architectural mate-
rials with the help of various chemical analysis instruments, such as scanning electron
microscopy (SEM), X-ray diffraction (XRD), and X-ray photoelectron spectroscopy (XPS),
is quite extensive [10–13]. When restoring ancient buildings, it is key to use materials
with similar chemical properties [14], but the overall matching of the restored building
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structure is more important; thus, 3D technologies and virtual reality have become part
of the restoration of ancient buildings [15–17]. The use of digital technology to construct
a virtual interactive display system for the restoration of ancient buildings with three-
dimensional effects achieves the illustration of real spaces and is of great significance for
the conservation of ancient architectural sites [18,19]. Virtual reality technology can recreate
the overall effect of the restored ancient buildings. However, it is an important task to
match the similarity between restoration materials and the original building in the actual
ancient building restoration project [20,21], which is related to the overall effect of the actual
completed ancient building. Traditional restoration methods rely on the experience and
intuition of professional technicians in matching the appearance of ancient buildings, which
has many limitations. First, the overall restoration outcome of a building is frequently
influenced by the individual’s skill level and experience, leading to results that may be
subjective and lacking scientific rigor and reproducibility. Second, traditional restoration
methods usually require a lot of time and have a high cost, especially in the process of
reworking and error correction. Moreover, the effect of an ancient building wall restoration
is influenced by the personal aesthetics and artistic style of technicians, which makes it
difficult to ensure the accuracy and consistency of the restoration. With the development of
science and technology, we can use computer image processing techniques to measure the
degree of matching more accurately between restored parts of ancient buildings and the
original parts. HSV is a popular tool that is used for color mixing, because it agrees well
with human color perception, so an HSV color space is widely used in computer vision
and image processing for color-related tasks and calculation of image similarity [22–24]. By
comparing the color features of images, the similarity or difference between images can
be quantitatively evaluated for functions such as color-based image retrieval and image
matching. An HSV color space only considers color information and ignores the texture
data. In turn, texture features are particularly important in matching the appearance of old
and new masonry wall materials in ancient buildings, and texture is also a key element of
human visual perception [25]. Therefore, the results of using a single HSV color feature to
determine the match between ancient buildings and restored ones are less accurate. There
are many methods for extracting image texture features, such as the Gray-Level Coevo-
lution Matrix (GLCM) [26,27], Autocorrelation-based Approaches [28], the Histogram of
Gradient Magnitudes [29], the Local Binary Pattern (LBP) [30], etc. The LBP is widely used
because of its advantages, such as a relatively simple computation process, fast extraction
of image features, good robustness to illumination changes, and ability to extract texture
features that are independent of illumination changes [31,32].

In this paper, we propose to use an HSV color space and CLBP-based extraction
method to determine the matching degree between the masonry materials used in an
ancient building wall restoration and the original walls by extracting the color and texture
features of the appearance pictures of the old and new wall masonry materials in the process
of an ancient building restoration, which can make ancient building wall restoration more
efficient and accurate and improve the restoration effect and matching efficiency of the old
and new buildings.

2. Methods
2.1. HSV Color Space

The HSV color space was created by Alvy Ray Smith in 1978 [33] and is also known
as the Hexcone Model. It is a color representation based on human visual perception [34].
Color is composed of hue, saturation, and value in the HSV model, and the model is shown
in Figure 1 [35]. Hue is measured using an angular scale from 0◦ to 360◦ (counterclockwise
rotation), with 0◦ (360◦) representing red, 90◦ yellow, 120◦ green, 180◦ cyan, and 240◦ blue.
The horizontal direction indicates the saturation, which indicates the degree of color that
is close to the spectrum of color; the higher the saturation is, the darker the color is, and
the lower the saturation is, the lighter the color is; when it is closer to white, the range is
0–1. A saturation of 0 means pure white. The vertical direction indicates the value, which
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determines the brightness of the color space; the higher the brightness is, the brighter the
color is, and the range is 0–1. A value of 0 indicates pure black (the darkest color currently).
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Figure 1. HSV space model.

The HSV color space model shows that it is more consistent with the way that humans
perceive color. Generally, images are represented in the red–green–blue (RGB) color space,
where the color representation is based on the combination of the three components of
red, green, and blue, which is less intuitive and not fully consistent with human visual
perception. In the RGB color space, the same color may show different RGB values under
different lighting conditions, which leads to an instability of the color characteristics [22].
In contrast, the hue and saturation components in the HSV color space are more stable with
respect to light variations, which can better capture the essential characteristics of colors
and improve the robustness of color features. This fits well with our goal that the color
of the old and new materials’ appearances after the restoration of ancient building walls
should be harmonious and uniform, because the observation and image acquisition for
the appearance of ancient building walls may be conducted at different points in time, so
the wall images may be taken with different lighting conditions, and HSV overcomes this
problem well. Therefore, in this study, HSV color space is used to extract color features
from the original wall’s appearance in images and the restored wall’s appearance in images.

Generally, images are stored in the RGB color model, so to extract color features in the
HSV color space, the images need to be converted from the RGB color space to the HSV
space [33], and the conversion equation is as follows:

M = max(R, G, B), (1)

N = min(R, G, B), (2)

H =



0◦ (M = N)

60◦ ×
(

g−b
M−N + 360

)
(M = r and g < b )

60◦ ×
(

b−r
M−N + 120

)
(M = g)

60◦ ×
(

b−r
M−N + 240

)
(M = b)

, (3)

S = M − N, (4)

V = max(R, G, B), (5)
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2.2. Local Binary Pattern

The Local Binary Pattern is an operator that is used to describe the local features
of an image, and LBP features have significant advantages such as grayscale invariance
and rotation invariance. It was proposed by T. Ojala, M. Pietikäinen, and D. Harwood
in 1994 [36], and LBP features have been widely used in many fields of computer vision
because of their computational simplicity and better results [37]. In the restoration of
ancient building walls, the more similar the surface texture of the restored building walls
will look to the surface texture characteristics of the original building wall material—in
addition to the requirement of matching the color of the restored restoration material with
the original building wall material—the more harmonious the restored building wall’s
appearance will look, so the similarity of the texture is also very important in matching the
restoration material used for the restoration with the original building wall material.

The basic idea of the LBP operator is to maximize the relationship between each pixel
point and the surrounding pixel points, either as greater than or less than, so that the local
features can be more obviously represented. The main idea is as follows: let (x,y) be any
pixel point in the pixel matrix that we want to process, as in the table below, and choose a
3*3 matrix for the central pixel point, as shown in Figure 2. As shown in the table above, the
pixel points around (x,y) are compared with (x,y), assuming that the pixel value of the point
(x,y) is γ. If the surrounding pixel value is less than γ, then the position information in the
matrix is marked as 0; otherwise, it is marked as 1. This gives us a 0,1 worth matrix, which
is a binary matrix. As we can see, the binary matrix after comparison and assignment can
be composed of an 8-bit binary number in clockwise order. We call this binary value the
LBP eigenvalue, and then, using 8 bits as the most basic surrounding pixel value standard,
the generated binary array is 11010100, and the obtained LBP eigenvalue is 212.
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2.3. Circular Local Binary Pattern

The above LBP operator method is simple, but the drawback is also obvious, which
is that the coverage area is fixed and only surrounded by 8 bits, and the requirement to
find multiple scales of multiple directions of the texture is very clumsy. In order to adapt
to different scales of texture features, and to achieve the requirements of gray scale and
rotation invariance, a circular LBP operator was proposed [38], which is a kind of LBP
operator based on the radius and angle design of the LBP operator, which can obtain texture
features at multiple scales and angles. The improved LBP operator allows for multiple
arbitrary pixel points in a circular neighborhood of radius R. Thus, an LBP operator such as
a circular region of radius R containing P sampling points is obtained, as shown in Figure 3.

2.4. Cosine Similarity

The cosine distance is also called cosine similarity. Cosine similarity is a widely used
metric that is both simple and effective [39]. It is a measure of the difference between
two individuals by the cosine of the angle between two vectors in the vector space. The
closer the cosine value is to 1, the closer the angle is to 0 degrees, that is, the more similar
the two vectors are, which is called “cosine similarity” [40]. In this paper, we extract the
color features and texture features of the images separately, calculate the color feature
vector and CLBP texture feature vector, and then calculate the color similarity and texture
similarity of the images by using the cosine similarity.
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3. Ancient Building Wall Restoration Method Based on Integrated Similarity of Images’
Color and Texture
3.1. Research Steps

In old buildings, color and texture are important factors to determine whether the
overall appearance of the building is harmonious and matching, so this paper intends to
use the HSV color space and CLBP to calculate the similarity of the outer surface of the old
and new wall materials in the process of an ancient building wall restoration to determine
whether the used old restoration materials match the appearance of the original building
wall. This can guide the process of wall restorations in ancient buildings in terms of how to
choose the most suitable material from the many old materials for construction. The main
steps are shown in Figure 4.
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3.1.1. Image Acquisition

In this paper, based on the Qi Li Ancient Town Cultural Tourism Project, the restored
walls of Qi Li Ancient Town were photographed and selected as the research object of this
paper. As shown in Figure 5, the effect of part of the restored wall is shown, and the overall
effect shows the difference between the original building wall and the new masonry wall.
In this paper, we used the photos of the original wall and the new masonry wall in Qi Li
Ancient Town to conduct experiments to evaluate the effect of wall restoration in Qi Li
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Ancient Town and to verify the accuracy of the method in this paper based on the final
picture similarity calculation. A total of four groups of images of the repaired walls were
selected for the experiment (each group of pictures was taken under the same lighting
conditions), as shown in Figure 6.
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3.1.2. Image Conversion

Normally, images are stored in the RGB color space in the computer, so to calculate
the color and texture similarity of an image, the image needs to be converted. Image
color feature extraction using the HSV color space requires converting RGB images to HSV
images, as shown in Figure 7, as well as converting RGB images to the HSV space and
outputting the images of the H channel, S channel, and V channel, respectively. In addition,
the process of extracting texture features from images using CLBP entails the initial step of
converting the images into a grayscale format, as shown in Figure 8.
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3.1.3. Color and Texture Feature Extraction

In the HSV color space, the color distribution image represents the distribution of the
image on the hue (H), saturation (S), and value (V) channels, respectively. The distribution
image can be obtained by HSV color feature extraction, as shown in Figure 9.
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As shown in Figure 8, the horizontal coordinate Bins indicates the range of values
of the hue, saturation, and value, and the vertical axis indicates the number of pixels in
each interval. Then, the texture features of the image are extracted using the CLBP, and
the image texture feature histogram, as well as a texture feature based on the CLBP, can be
obtained, as shown in Figures 10 and 11.

3.1.4. Comprehensive Similarity Calculation

The color similarity and texture similarity of the images are calculated using cosine
similarity, and the combined similarity is calculated by combining the color and texture
feature weights of the images. The formula for calculating the comprehensive similarity is
shown in Equation (6), and the values of the weights w are shown in Table 1. In the study
presented in this paper, we discussed the restoration of the walls of relatively large ancient
buildings, and we must generally consider the overall effect of the restored buildings, so the
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importance of color matching is more important than that of texture matching; therefore,
the color weight is taken as 0.7, and the texture weight is taken as 0.3 in the study of
this paper. Finally, according to Table 2, the degree of matching between the restoration
materials used in the restoration of ancient building walls and the original wall materials
of ancient buildings is judged.

TS = wcolor ∗ Scolor + wtexture ∗ Stexture, (6)
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Table 1. Weight selection criteria.

Criteria (Color Compared to the Texture) wcolor wtexture

Very important 0.9 0.1
Relatively important 0.8 0.2

Important 0.7 0.3
Little importance 0.6 0.4

As important as each other 0.5 0.5
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Table 2. Determination of matching degree of ancient building wall restorations.

Total Similarity Result

0.9–1 Good restoration effect
0.8–0.9 Average repair effect

Less than 0.8 Poor restoration effect

4. Result and Discussion
4.1. Image Color Feature Extraction

The color features were extracted from the original wall part and the new wall part
of the four collected groups of images, and the comprehensive similarity was calculated.
We take the third group’s images as an example to show the analysis process. Figure 12
shows the three channels of the HSV of the third group of images. In Figure 12, the three
channels of the HSV color space for the third group’s images are depicted. The HSV color
distribution of the original and new segments of the third group’s images is shown in
Figure 13.
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As shown in Figures 12 and 13, there is a certain difference in the values of the H, S,
and V channels of the third group of images, and the same visual effect as that perceived
by human eyes shows that there is a large color difference between this group of restored
walls and the original walls.

4.2. Image Texture Feature Extraction

Two parts of the image (the original wall surface and the new wall surface) will be
randomly intercepted for texture feature extraction. As shown in Figure 14 (taking the third
group’s images as an example), the use of CLBP can extract the more prominent texture
features of the ancient building walls.
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The texture feature extraction results for the third group show that the restoration of
this wall has a good match in texture.

4.3. Comprehensive Similarity Results

In this paper, four groups of restored walls in Qi Li Ancient Town were selected to
calculate the comprehensive similarity of the restored walls with the original building
walls, and the calculated results are shown in Table 3.

Table 3. Comprehensive similarity calculation results.

Number Color Similarity Texture Similarity Comprehensive Similarity

1 0.4415492 0.9663997 0.5990044
2 0.5559807 0.9951636 0.6877356
3 0.5009628 0.9961462 0.6495178
4 0.9031662 0.9974285 0.9314449

The overall effect of the wall restoration of the first group is the worst, and the most
harmonious effect is achieved in the fourth group of images. According to Table 2, the first
group to the third group’s wall restoration effects are poor, and the fourth group’s repair
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effect is good. As can be seen from Table 3, the comprehensive similarity of the calculated
pictures of each group basically matches, indicating that the method of comparing the
similarity of wall appearance images of ancient buildings based on the HSV color space, as
well as CLBP, that is proposed in this paper is highly accurate and can be used as a method
to judge the matching degree between the artificially made old wall restoration materials
and the original wall materials in the process of wall restorations of ancient buildings. The
research in this paper is not only beneficial to the protection of cultural heritage and the
continuation of historical continuity, it can also enhance the aesthetic and ornamental value
of ancient buildings and meet people’s demand for traceability and aesthetics of historical
and cultural monuments.

4.4. Discussion

From the above results, it can be seen that it is feasible to evaluate the restoration
effect of ancient architectural walls through texture and color similarity. Using the HSV-
based method to calculate the color similarity from the comparison of the three color
channels, is to a certain extent more objective and accurate than the human eye in its
ability to distinguish the color similarity, but also to avoid the human eye’s fatigue and
miscalculation, and its evaluation results are also consistent with the actual situation. This
paper proposes that the extraction of color and texture feature weights is also more flexible
and can be assigned according to the actual needs. In addition, this method can not only be
used for the evaluation of the restoration effect of the restoration of ancient wall surfaces,
but also to evaluate the design of the wall before the beginning of the restoration program
based on the color and texture of the ancient bricks to evaluate the restoration of the wall,
such as whether it is reasonable, so that a more suitable material can be selected for the
restoration of wall surfaces in order to achieve the optimal restoration effect.

5. Conclusions

In the restoration of old buildings, not only the physical and mechanical properties
of the building materials should be considered to meet the requirements of the building,
but also, the principle of “repairing the old as the old” should be followed in order to keep
the overall style of ancient buildings from being destroyed. In this paper, we use HSV and
CLBP to analyze the appearance of old and new walls and study the evaluation method of
wall restoration in order to achieve accurate matching of old and new wall materials, and
we reach the following main conclusions:

(1) The comprehensive similarity calculation method for restored materials of ancient
building walls based on the HSV color space and CLBP was utilized for four groups of
restored wall pictures, and its analysis results were fully consistent with the actual situation
through comparative analysis, indicating that the method is suitable for evaluating the
matching degree between wall restoration materials and the appearance of the original
wall materials of ancient buildings.

(2) In order to adapt to the evaluation of the restoration effects of different scales
and types of ancient buildings, this paper proposes a weight assignment method for the
color and texture characteristics of ancient building walls, which can be assigned different
values according to the actual needs of the site, improving the flexibility and applicability
of the method.

(3) In addition, the method can also be used to evaluate the comprehensive similarity
between the restoration materials and the original building wall before the commencement
of the wall restoration and to select more suitable materials for the wall restoration to
achieve the best restoration effect.

In summary, in the restoration of old buildings, their unique textures and colors are
essential to preserve and restore the authenticity of ancient buildings, and the human eye
is subject to some subjective errors in judging color textures. In this paper, the evaluation
method for the effects of ancient building wall restorations based on a comprehensive
image similarity analysis has important theoretical significance and application value in
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cultural heritage conservation and architectural aesthetics. In addition, the method is more
flexible, as long as the comparison image is taken in the same light and the angle of the
captured part is the same. The method can improve the effectiveness and efficiency of
ancient building restoration, protect and perpetuate the historical value of ancient buildings,
and meet people’s demand for history and culture.

Author Contributions: Methodology, C.G. and D.L.; Investigation, S.Z.; Resources, D.L.; Writing—original
draft, C.G.; Writing—review & editing, D.L. All authors have read and agreed to the published version
of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: Data are contained within the article.

Conflicts of Interest: Author Shuisheng Zeng was employed by the company CCCC Qili Ancient
Town (Ganzhou) Cultural Tourism Co., Ltd. The remaining authors declare that the research was
conducted in the absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

References
1. Ren, T. A Study on the Symbolic Significance of Decorative Art of Huizhou Traditional Residential Buildings. OALib 2021, 8, 1–7.

[CrossRef]
2. Sun, S.; Wang, B. Low-Altitude UAV 3D Modeling Technology in the Application of Ancient Buildings Protection Situation

Assessment. Energy Procedia 2018, 153, 320–324. [CrossRef]
3. Ma, S.; Wang, L.; Bao, P. Study on Properties of Blue-Brick Masonry Materials for Historical Buildings. J. Renew. Mater. 2022, 10,

1961–1978. [CrossRef]
4. Ma, S.; Wu, Y.; Bao, P. Study on Damage Mechanism and Residual Life of Clay Brick in Central Plains of China Under Freeze–Thaw

Environment. Arab. J. Sci. Eng. 2022, 47, 13317–13331. [CrossRef]
5. Fais, S.; Casula, G.; Cuccuru, F.; Ligas, P.; Bianchi, M.G. An Innovative Methodology for the Non-Destructive Diagnosis of

Architectural Elements of Ancient Historical Buildings. Sci. Rep. 2018, 8, 4334. [CrossRef]
6. Guzmán, P.C.; Roders, A.R.P.; Colenbrander, B.J.F. Measuring Links between Cultural Heritage Management and Sustainable

Urban Development: An Overview of Global Monitoring Tools. Cities 2017, 60, 192–201. [CrossRef]
7. Ma, X.; Li, W.; Han, J.; Huang, X.; Luo, H. Restoring Ancient Civilizations with “Herit-Materials”: Technological Advances in Its

Studies. Sci. China Technol. Sci. 2023, 66, 1952–1974. [CrossRef]
8. Chen, S.; Yang, H.; Wang, S.; Hu, Q. Surveying and Digital Restoration of Towering Architectural Heritage in Harsh Environments:

A Case Study of the Millennium Ancient Watchtower in Tibet. Sustainability 2018, 10, 3138. [CrossRef]
9. Kharfi, F.; Boudraa, L.; Benabdelghani, I.; Bououden, M. TL Dating and XRF Clay Provenance Analysis of Ancient Brick at Cuicul

Roman City, Algeria. J. Radioanal. Nucl. Chem. 2019, 320, 395–403. [CrossRef]
10. Meng, C.L.; Zhang, H.; Zhang, B.J.; Fang, S.Q. Chemical and Microscopic Study of Masonry Mortar in Ancient Pagodas in East

China. Int. J. Archit. Herit. 2015, 9, 942–948. [CrossRef]
11. Fabio, S.; Massimo, B.; Stefano, C.; Carla, L.; Catarina, M.; José, M. Ancient Restoration and Production Technologies of Roman

Mortars from Monuments Placed in Hydrogeological Risk Areas: A Case Study. Archaeol. Anthropol. Sci. 2020, 12, 147. [CrossRef]
12. Peifan, Q.; Deqi, Y.; Qi, M.; Aijun, S.; Jingqi, S.; Zengjun, Z.; Jianwei, H. Study and Restoration of the Yi Ma Wu Hui Layer of the

Ancient Coating on the Putuo Zongcheng Temple. Int. J. Archit. Herit. 2021, 15, 1707–1721. [CrossRef]
13. Luo, L.; Zhou, P.; Zhu, H.; Zhang, B.; Hu, Y. A Thorough Detection of the Mortar Materials for Buddhist Buildings in Bagan,

Myanmar. Eur. Phys. J. Plus 2023, 138, 151. [CrossRef]
14. Zang, W.; Chun, Q. Comparative Study on the Similarity between Ancient White Bricks and the Self-Developed Imitative White

Bricks. J. Build. Eng. 2023, 76, 107307. [CrossRef]
15. Kersten, T.P.; Tschirschwitz, F.; Deggim, S. Development of a virtual museum including a 4D presentation of building history in

virtual reality. In Proceedings of the International Archives of the Photogrammetry, Remote Sensing and Spatial Information
Sciences 2017, Nafplio, Greece, 1–3 March 2017; Volume XLII-2/W3, pp. 361–367. [CrossRef]

16. Mortara, M.; Catalano, C.E. 3D virtual environments as effective learning contexts for cultural heritage. Ital. J. Educ. Technol. 2018.
[CrossRef] [PubMed]

17. Yin, Y.; Antonio, J. Application of 3D Laser Scanning Technology for Image Data Processing in the Protection of Ancient Building
Sites through Deep Learning. Image Vis. Comput. 2020, 102, 103969. [CrossRef]

18. Lourenço, P.B. Recommendations for Restoration of Ancient Buildings and the Survival of a Masonry Chimney. Constr. Build.
Mater. 2006, 20, 239–251. [CrossRef]

19. Wang, T.; Zhao, L. Virtual Reality-Based Digital Restoration Methods and Applications for Ancient Buildings. J. Math. 2022, 2022,
2305463. [CrossRef]

https://doi.org/10.4236/oalib.1107815
https://doi.org/10.1016/j.egypro.2018.10.082
https://doi.org/10.32604/jrm.2022.018755
https://doi.org/10.1007/s13369-022-06811-8
https://doi.org/10.1038/s41598-018-22601-5
https://doi.org/10.1016/j.cities.2016.09.005
https://doi.org/10.1007/s11431-023-2423-4
https://doi.org/10.3390/su10093138
https://doi.org/10.1007/s10967-019-06491-z
https://doi.org/10.1080/15583058.2014.923955
https://doi.org/10.1007/s12520-020-01080-8
https://doi.org/10.1080/15583058.2020.1719232
https://doi.org/10.1140/epjp/s13360-023-03726-7
https://doi.org/10.1016/j.jobe.2023.107307
https://doi.org/10.5194/isprs-archives-XLII-2-W3-361-2017
https://doi.org/10.17471/2499-4324/1026
https://www.ncbi.nlm.nih.gov/pubmed/38674945
https://doi.org/10.1016/j.imavis.2020.103969
https://doi.org/10.1016/j.conbuildmat.2005.08.026
https://doi.org/10.1155/2022/2305463


Buildings 2024, 14, 1478 13 of 13

20. Zou, Z.; Zhao, P.; Zhao, X. Virtual Restoration of the Colored Paintings on Weathered Beams in the Forbidden City Using Multiple
Deep Learning Algorithms. Adv. Eng. Inform. 2021, 50, 101421. [CrossRef]

21. Bergamonti, L.; Potenza, M.; Scigliuzzo, F.; Meli, S.; Casoli, A.; Lottici, P.P.; Graiff, C. Hydrophobic and Photocatalytic Treatment
for the Conservation of Painted Lecce Stone in Outdoor Conditions: A New Cleaning Approach. Appl. Sci. 2024, 14, 1261.
[CrossRef]

22. Chernov, V.; Alander, J.; Bochko, V. Integer-Based Accurate Conversion between RGB and HSV Color Spaces. Comput. Electr. Eng.
2015, 46, 328–337. [CrossRef]

23. Zhang, T.; Hu, H.-M.; Li, B. A Naturalness Preserved Fast Dehazing Algorithm Using HSV Color Space. IEEE Access 2018, 6,
10644–10649. [CrossRef]

24. Miao, M.; Wang, S. PA-ColorNet: Progressive Attention Network Based on RGB and HSV Color Spaces to Improve the Visual
Quality of Underwater Images. Signal Image Video Process. 2023, 17, 3405–3413. [CrossRef]

25. Humeau-Heurtier, A. Texture Feature Extraction Methods: A Survey. IEEE Access 2019, 7, 8975–9000. [CrossRef]
26. Conners, R.W.; Harlow, C.A. A Theoretical Comparison of Texture Algorithms. IEEE Trans. Pattern Anal. Mach. Intell 1980,

PAMI-2, 204–222. [CrossRef]
27. Haralick, R.M.; Shanmugam, K.; Dinstein, I. Textural Features for Image Classification. IEEE Trans. Syst. Man Cybern 1973, SMC-3,

610–621. [CrossRef]
28. Petrou, M.; García Sevilla, P. Image Processing: Dealing with Texture; John Wiley & Sons, Ltd.: Chichester, UK, 2006; ISBN

978-0-470-03534-4.
29. Sharma, M.; Ghosh, H. Histogram of Gradient Magnitudes: A Rotation Invariant Texture-Descriptor. In Proceedings of the 2015

IEEE International Conference on Image Processing (ICIP), Quebec City, QC, Canada, 27–30 September 2015; IEEE: Quebec City,
QC, Canada, 2015; pp. 4614–4618.

30. Soh, L.-K.; Tsatsoulis, C. Texture Analysis of SAR Sea Ice Imagery Using Gray Level Co-Occurrence Matrices. IEEE Trans. Geosci.
Remote Sens. 1999, 37, 780–795. [CrossRef]

31. Ojala, T.; Pietikäinen, M.; Harwood, D. A Comparative Study of Texture Measures with Classification Based on Featured
Distributions. Pattern Recognit. 1996, 29, 51–59. [CrossRef]

32. Kobayashi, T. Discriminative Local Binary Pattern. Mach. Vis. Appl. 2016, 27, 1175–1186. [CrossRef]
33. Smith, A.R. Color Gamut Transform Pairs. ACM SIGGRAPH Comput. Graph. 1978, 12, 12–19. [CrossRef]
34. Wang, K.; Zhang, X.; Niu, C.; Wang, Y. Template-Activated Strategy toward One-Step Coating Silica Colloidal Microspheres with

Sliver. ACS Appl. Mater. Interfaces 2014, 6, 1272–1278. [CrossRef]
35. Xia, Y.; Wang, Q.; Feng, X.; Xiao, X.; Wang, Y.; Xu, Z. Objective Tongue Diagnosis Based on HSV Color Space: Controlled Study of

Tongue Appearance in Patients Treated with Percutaneous Coronary Intervention for Coronary Heart Disease. Intell. Med. 2022,
3, 252–257. [CrossRef]

36. Ojala, T.; Pietikainen, M.; Harwood, D. Performance Evaluation of Texture Measures with Classification Based on Kullback
Discrimination of Distributions. In Proceedings of the 12th International Conference on Pattern Recognition, Jerusalem, Israel,
9–13 October 1994; IEEE Computer Society Press: Jerusalem, Israel, 1994; Volume 1, pp. 582–585.

37. Pietikäinen, M.; Hadid, A.; Zhao, G.; Ahonen, T. Computer Vision Using Local Binary Patterns; Computational Imaging and Vision;
Springer: London, UK, 2011; ISBN 978-0-85729-747-1.

38. Li, Y.; Xu, X.; Li, B.; Ye, F.; Dong, Q. Circular Regional Mean Completed Local Binary Pattern for Texture Classification. J. Electron.
Imaging 2018, 27, 1. [CrossRef]

39. Xia, P.; Zhang, L.; Li, F. Learning Similarity with Cosine Similarity Ensemble. Inf. Sci. 2015, 307, 39–52. [CrossRef]
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