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Abstract

Deterioration development is a recognized worldwide threat to rock carvings, especially in humid regions of southern
China. Cultural heritage managers thus require precise identification of different deterioration patterns and conduct
comprehensive assessments. However, the quantitative analysis of deterioration patterns is limited due to the severe
impact of temperature and humidity on rock carvings. Additionally, the current research on the different deteriora-
tion patterns is independent, and the corresponding systematic framework is vague. Based on this, the hyperspectral
response is constructed to evaluate the various deterioration patterns using spectral index and intelligent model.
Firstly, the remarkable correlation between the feldspar content and the deterioration patterns of rock carvings

with the influence of environmental factors is investigated by mineralogical analysis. Secondly, combined with micro-
scopic and mineralogical characteristics, the extracted deterioration characteristics are qualitatively screened. Then,

a novel spectral index characterizing the correlation between image grayscale and spectral reflectance is proposed
by introducing dynamic correction, and the optimal wavelength combination is applied to identify the distribution
of deterioration patterns. Consequently, the quantitative screening of deterioration patterns can be realized. After
that, the WOA-XGBoost model exhibits better performance in the classification of deterioration patterns. Finally,

the influence of different deterioration patterns on rock carvings is quantified by integrating the deterioration index
reflected by chemical composition and the proportion of deterioration pattern distribution identified by the spectral
response. In the regional deterioration assessment of Dazu Rock Carvings, biological colonization and surface mor-
phological changes have the highest proportion and degree of deterioration, which is worthy of attention in the pro-
tection of rock carvings in this region.

Keywords Deterioration patterns, Humid environment, Hyperspectral response, Dazu rock carvings, Intelligent
algorithm

Introduction

Rock carvings exposed to the outdoors for a long period
of time will inevitably be affected by the rock mate-
rial, natural environment, and human factors [1-3]. The
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8]. These factors contribute to the deterioration of the
existing more serious. That is why numerous scholars
have been concerned in the investigation of deterioration
patterns [9, 10]. However, the traditional subjective judg-
ments of visual recognition remain to be used for large-
scale areas with multiple deterioration patterns. Thus, it
is a current trend to develop an estimation approach that
can apply the single deterioration pattern analysis to a
variety of deterioration patterns in large-scale areas.

The research on the deterioration patterns of rock
carvings is primarily aimed at providing a scientific
basis for the protection of cultural heritage. Research on
deterioration patterns can be categorized into two main
types: one involves the mechanism analysis of deteriora-
tion phenomena, while the other focuses on the impact
assessment of deterioration patterns.

It is common to evaluate the deterioration degree of
rock carvings from the surface phenomenon. However,
the description of phenomena alone does not fully eluci-
date the characteristics of deterioration patterns. There-
fore, various investigations are applied for deterioration
characteristics analysis. Petrological properties and envi-
ronmental factors as the primary contributors are dis-
cussed in the spatial distribution of various types of
deterioration [11]. The humid environment in the rainy
season leads to the dynamic change of water saturation
on the surface of sandstone, and the subsequent expan-
sion and contraction behavior will promote the develop-
ment of crust behavior [12]. Meanwhile, water is thought
to be a major contributing component frequently
involved in various deterioration patterns [13]. Due to
the soluble salt composition of groundwater, the long-
term accumulation of salt crystals at the boundary of this
area is likely to induce rock exfoliation [14]. In addition,
there is an intertwined relationship between the weath-
ering and deterioration of the rock mass. Based on the
deterioration characteristics, the definition of weathering
type can be divided into physical, chemical, and biologi-
cal [15-17]. Physical weathering can alter the permeabil-
ity and porosity of rock by affecting its morphology and
volume. Furthermore, it provides conditions for further
chemical composition change and biological activities.
Regrettably, there are numerous evaluation indicators in
weathering assessments, but the application correspond-
ing to the specific deterioration model is insufficient.
Therefore, it is necessary to investigate the deterioration
characteristics by combining the weathering indices with
the spatial distribution of various deterioration patterns.

In the formation process of deterioration, affected
by external environmental factors, the interaction
between particles in the surface layer of the rock
mass is gradually weakened, which may result in a
loose structure. This changes physico-mechanical
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parameters and the proportion of mineral com-
ponents, such as changes in porosity and feldspar
content. Consequently, the impact of different dete-
rioration patterns on rock carvings has always been a
vague topic in cultural protection.

Since the damage severity of rock is determined by the
deterioration pattern, targeted deterioration assessment
methods have been proposed in the early stages [18, 19].
Among them, the ability of deteriorated rock mass to
resist deformation can be obtained by testing mechani-
cal properties. For example, the protective effect on rocks
due to biological deterioration can be observed through
surface hardness testing in rock carvings [20]. To further
obtain a quantitative description of multiple deterioration
patterns, the analysis of mineral and chemical compo-
sition is the most intuitive approach [21]. The weather-
ing degree is also defined through the identification of
chemical compositions [22, 23]. However, the inversion
of deterioration patterns may be impeded by an excess of
defined parameters. The hyperspectral technique can be
recommended for its sensitivity to the chemical composi-
tion of the test sample [24, 25]. It can play a unique role
in evaluating the deterioration of rock carvings contain-
ing changes in chemical element content. For each dete-
rioration pattern, the hyperspectral data can be regarded
as the fingerprint-like dataset, which facilitates the
description of characteristic differences. Thus, construct-
ing a spectral database for deterioration patterns based
on mineral identification and chemical analysis is mean-
ingful for the deterioration assessment.

This work mainly aims to evaluate the deterioration
patterns of rock carvings in humid regions. To develop
this approach, the following explorations have been con-
ducted: (i) to determine the mechanism of deterioration
patterns on rock carvings in humid environments; (ii) to
establish the correlation between hyperspectral data and
grayscale value in classification of deterioration patterns;
(iii) to apply the optimal spectral index in the deteriora-
tion estimation; (iv) to compare the intelligent identifica-
tion model with optimized parameters in identification
of deterioration patterns; and (v) to combine the chemi-
cal index in the deterioration assessment of Dazu Rock
Carvings induced by various patterns.

Geo-environmental characteristics of research area

Dazu Rock Carvings are selected as a research area
because of the complex deterioration patterns. Dazu
Rock Carvings are located in the humid regions of
southern China, with 105°28"-106°02” east longitude
and 29°23"-29°52” north latitude. Among them, Baod-
ingshan Grotto is an important representative of Dazu
Rock Carvings, which can be considered an outstand-
ing presentation of Chinese grotto art. The landform of
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this region is dominated by eroded low mountains in the
structure. This region is generally characterized mainly
by narrow valleys and deep hillocks, with elevations
ranging from 470 to 530 m and terrain elevation differ-
ences of about 60 m. As a result, the topographical struc-
ture provided a basis for constructing rock carvings and
protected them for over 800 years.

The geological map and stratigraphic section of the
Baodingshan Grotto are shown in Fig. 1. The overburden
of this region is generally loose miscellaneous fill accu-
mulation. Moreover, all exposed strata are sedimentary
rocks. In the distribution of bedrock, the upper layer is
dominated by fine-grained sandstone within 20 m, and
the lower layer is mainly mudstone and sandstone with
medium-thick layered interbedded [7]. The strata distri-
bution characteristics with hard over soft have caused the
unique landform of cliffs. The prominent canopy struc-
ture is formed to protect rock carvings using the strata
with better lithology and weathering resistance in the
middle layer [26].

Dazu Rock Carvings are characteristics of the cliff stat-
ues, which are inevitably exposed to the outdoor envi-
ronment. Therefore, the external environment plays an
essential role in the preservation of rock carvings [27].
The region has a subtropical warm and humid monsoon
climate, with an annual average temperature of 17.2 °C.
The average annual rainfall is 200 mm more than evapo-
ration due to the influence of the surrounding mountains
and atmospheric circulation. Thus, the remaining water
become the most important factor causing the deterio-
ration of Dazu Rock Carvings, and various deterioration
patterns are aggravated by the participation of water.

The water composition of the Baodingshan Grotto is
relatively simple. There is no large surface water in this
region, and the groundwater is primarily derived from
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atmospheric rainfall infiltration. Groundwater can be
divided into two kinds according to the location of exist-
ence, including the pore water in the overburden and the
fissure water in the bedrock fissure. Among them, bed-
rock fissure water exists in the statue, which is harmful
to its preservation. In addition, the majority of the pore
water is dispersed across the overburden and flows out
through the drainage outlet.

Methodology

Field sampling and analysis

The deterioration of rock carvings in the humid regions
of southern China is controlled by the special hydrogeol-
ogy and microenvironment [21, 28]. Based on these geo-
environment characteristics, sampling was carried out
at the Baodingshan Grotto of the Dazu Rock Carvings.
However, the sampling for the deterioration survey was
restricted because of cultural heritage conservation. It is
impossible to extract samples directly from the surface
of rock carvings. In addition, the deterioration degree of
rock carvings varies depending on the structure, position
and geology. The response of stratigraphic types of rock
carvings to deterioration is different. As a result, the sam-
pling sites require similar environmental and geological
characteristics as the rock carvings. Based on the above
two factors, the area within 500 m of the main rock carv-
ings and the same stratum as the Jurassic sandstone and
mudstone was selected for sampling. Furthermore, the
selected sites need to meet the requirements of no rock
carvings and obvious deterioration. Considering that the
Dazu Rock Carvings have been restored several times in
history, the areas selected for sample collection are domi-
nated by the deterioration phenomena of the original
rock mass, and rock surfaces with lots of conservation
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Fig. 1 Geological conditions of Baodingshan Grotto (data from the Academy of Dazu Rock Carvings). a Geological map; b Stratigraphic profile
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materials are avoided as much as possible to ensure the
validity of analysis.

The determination of various deterioration character-
istics of the Baodingshan Grotto was conducted by test-
ing the collected samples. A total of 50 samples were
collected for testing according to the four defined dete-
rioration modes and original state. Then, microscopic
petrography, mineralogy, and major elements were used
to analyze different deterioration patterns of rock sam-
ples [6, 29]. The microstructure of rock samples with
different deterioration conditions was observed by the
Olympus SZX16 stereomicroscope. Furthermore, the
rock thin section identification was measured by the
Olympus polarization microscope BH-2. For the min-
eral composition of rock samples, the powdered rock
samples were detected via X-ray diffraction (XRD) using
Cu-Ka radiation (Rigaku Ultima IV, Japan; 40 kV; 40 mA;
A=1.5405 A). The 20 angles were set to 10° to 50° and
the step size was 0.02°/s during the testing. The chemical
composition was analyzed using the alkali fusion method
via X-ray fluorescence spectroscopy (ZSX Primus III+,
Japan). Moreover, the content of FeO was supplemented
by wet chemical analysis. Three repeated tests were per-
formed on the same type of samples to reduce random
errors.

Hyperspectral data acquisition and processing

The hyperspectral images were acquired by a portable
hyperspectral imaging system in the wavelength range
of 400-1000 nm. The system includes a near-infrared
spectroscopy (SHIS-N220), a movable tripod, data trans-
mission devices, a 25 cm X 25 cm gray panel with a reflec-
tance of 30%, and a computer supported with the image
acquisition software. The effective resolution of the spec-
troscopy is 2048 X 2046 pixels, and the spectral resolution
is 5 nm. This configuration supported the acquisition of
millimeter-scale hyperspectral images. In the process
of hyperspectral image acquisition, it should be noted
that data collection should be selected in an environ-
ment with sufficient and stable light. Moreover, the gray
panel was used to calibrate the spectral image because
the white panel with a reflectance of 99% appeared to
be overexposed sometimes. To make the spectral curves
comparable, a series of preprocessing steps were per-
formed on the raw spectral reflectance [30, 31]. Each
location of the deterioration characteristics was tested
five times through the same procedure, and the spectral
images were collected in accordance with strict quality
assurance and quality control protocols (QA&QC). The
specific steps can be summarized as follows.

(i). The reflectance calibration of the raw spectral
image was conducted to reduce the noise influence
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generated by dark current and illumination. The
calibration reflectance R; can be calculated using
the following equation:

_ Ro+D;

R = oD
‘T WD, @

where i is the pixel index, Ry is the reflectance of
the raw hyperspectral image, D; is the reference
image of the dark current, and Wj is the reference
image of the gray panel.

(ii). The reflectance of the calibrated hyperspectral
image was extracted, and the average reflectance of
all pixels corresponding to each feature was utilized
as the spectral data for subsequent processing.

(iii). The spectral data were processed by normaliza-
tion, and then reflectance was mapped to the range
between 0 and 1. This operation improved the con-
vergence speed of model training, and the influ-
ence of data dimension and the difference in value
range can be eliminated.

(iv). The normalized spectral reflectance was subjected
to the Savitzky-Golay filter to reduce the random
noise generated by the device and the environ-
ment on the spectral curve. This processing was
a smoothing method based on local polynomial
least squares fitting. The calculation formula is
expressed as:

y = i Wil )
/ N

where y;,k is the smoothed spectral data, w; is the
weighting of ith value in the smoothing of the mov-
ing window, m is the size of the smoothing window,
N is the moving window with the value of 2m + 1.

Image grayscale feature extraction
The deterioration characteristics of rock carvings were
taken as the research object. Considering that image
acquisition is usually affected by ambient lighting, gray-
scale processing is required to avoid interference from
unstable lighting when acquiring image information
[32]. The specific process of the grayscaled image can
be divided into three steps: (i) Noise reduction process-
ing of the acquired image. (ii) Followed by extraction
of image grayscale features, the grayscale value of the
image is within 0~255. (iii) The spectral reflectance
corresponds to the grayscale value in the same region of
the image, which is convenient for correlation analysis.
The mean filtering method was used to denoise the
image, and the function can be expressed by:
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where P(x, y) is the color feature value of the pixel point
at the coordinate (x, y) after filtering; M is the neighbor-
hood radius; f(x',) is the color feature value of the
pixel point at the coordinate (', y').
The image after noise reduction was grayed by the
following:

G(x,y) = aR(x,y) + bG(x,y) + aB(x,) (4)

where G(x, y) is the grayscale value of image; a, b, and ¢
are constants, which can be processed by the arithmetic
average method, and values can be set as 1/3.

Spectral index selection based on optimal wavelengths
The image can be divided into 160 regions (16x10)
before the correlation analysis, and the spectral reflec-
tance and the grayscale response of each region were
extracted. Then, the correlation between spectral char-
acteristics and image grayscale response of rock carvings
deterioration patterns can be analyzed by spectral indi-
ces. Normalized difference index (NDI), difference index
(DI), and ratio index (RI) were commonly applied to ana-
lyze the correlation through the reflectance of two wave-
lengths in previous spectral index construction [33, 34].
The calculation of each index is as follows:

~R
NDSI = X1 = Riy (5)
R;, + R,
DSI = R/ll - Riz (6)
R
RSI = - @)
22

where R;, is the reflectance corresponding to the wave-
length of 41, R;, is the reflectance corresponding to the
wavelength of 4.

To improve the sensitivity of the characterized object
properties, the third wavelength was added to the spec-
tral index calculated in two wavelengths. Referring to
the similar forms of three wavelengths [35, 36], new
improved spectral indices about three wavelengths were
proposed. The whole data set was applied to find the
optimal wavelength combination and two correction fac-
tors, which can improve the estimation accuracy of the
index and enhance the stability of the factor correlation.
Thus, the three-wavelength normalized difference index
(TNDI), three-wavelength difference index (TDI), and
three-wavelength ratio index (TRI) can be expressed as:
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R), — (R), — aR;

NI = R~ (R = aRss) 8)
R;, + (R/lz - ﬂRls)

TDI =R;, — R;, —aR,, 9)
R,

TRI = —2— (10)

aR;,R;,

where a, 8 are correction factors, which vary from — 3 to
3 (with increments of 0.5), and R;, # R, # R;..

Thus, a second screening of deterioration patterns was
performed by comparing several spectral indices and
selecting the one with the highest correlation coefficient
to calculate the response of the hyperspectral image.

Intelligent model for deterioration identification

Based on the superiority of similar studies in feature
identification and classification [28, 37, 38], three classifi-
cation models of eXtreme Gradient Boosting (XGBoost),
Random Forest (RF), and Support Vector Machine
(SVM) were employed in this study. To further improve
the computational efficiency, the built-in parameters of
the classification models were optimized using Whale
Optimization Algorithm (WOA), Grey Wolf Optimizer
(WGO), and Particle Swarm Optimization (PSO) [39-
41]. The reasonable parameter settings can improve the
accuracy of the classification model effectively. After that,
the classification accuracy of various hybrid models was
compared.

The classification model for rock carvings deterioration
patterns can be developed as follows. (i) A dataset was
established with the correlation of spectral reflectance
and image grayscale, which consisted of 121 bands of
spectral reflectance. (ii) A 7:3 division of the dataset was
established between training and testing sets. Among
them, training sets were utilized to construct the classi-
fication model, while the accuracy of the model in clas-
sifying new samples was verified by testing sets. (iii) The
objective function was constructed to optimize the built-
in parameters of the classification model. (iv) The initiali-
zation values were generated by random selection in the
parameter range, and the best fitness can be obtained
by iterations. (v) The performance of the classification
model was evaluated by accuracy after ten training and
testing operations.

P+ TN
TP + FN + FP + TN

Accuracy = (11)
where true positive (TP) and true negative (TN) are the
numbers of correctly classified positive samples and
correctly classified negative samples. False positive (FP)
and false negative (FN) are the numbers of misclassified
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positive samples and misclassified negative samples.
Thus, the flowchart of the hyperspectral estimation
method for deterioration of rock carvings in the humid
regions of southern China can be illustrated in Fig. 2.

Results

Significant correlation between change of feldspar content
and deterioration patterns of rock carvings in humid
regions

According to the field investigation of Baodingshan
Grotto, the rock carving of the Nine Dragons Bathing
the Prince is the main drainage outlet in this area. There
are various deterioration patterns induced by the inter-
action of water and rock. Moreover, the deterioration in
this area is more significant than other areas. Thus, the
rock carving of the Nine Dragons Bathing the Prince is
selected as the object of deterioration patterns analysis,
and the distribution map of deterioration is shown in
Fig. 3. Combined with the classification of rock carvings
deterioration in previous studies [8, 42], the collected
typical deterioration characteristics can be presented in
Fig. 4. The state of rock carvings can be roughly summa-
rized into five categories, including original state (OS),
surface integrity damage (SID), surface morphological
change (SMC), surface color change (SCC) and biologi-
cal colonization (BC). Among them, the influence of rock
surface pigments is neglected in the analysis of deteriora-
tion. The surface integrity damage is composed of exfolia-
tion and dissolution, and the surface morphology change
is mainly caused by the crust phenomenon. Moreover,
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surface color change is represented by salt crystallization,
and biological colonization is manifested as microorgan-
isms and lichens.

Due to the hot and humid environment characteristics
in the research area, the rock mass repeatedly undergoes
dry—wet alternation, which leads to extensive interlayer
pores and loose structures in the microscopic character-
istics of different deterioration patterns in Fig. 4. Dur-
ing the collection of typical deterioration phenomena, it
is found that exfoliation evolves into fine linear grooves
near the bedding plane with the development of dete-
rioration. Moreover, the dissolution and loss of calcare-
ous cement in the rock mass are produced by acid rain,
which is a consequence of environmental pollution [43,
44]. Surface morphological change is usually considered
to be the result of rock weathering, which may include
the combination of allochthonous sediment with origi-
nal rock. The resulting crust phenomenon shows appar-
ent differentiation of rock thickness and tends to develop
into the deep of the rock mass. Affected by the local
hot and humid environment, the active fluctuation of
temperature and relative humidity leads to the surface
color change in the soluble salt crystallization, which is
also severe to the rock [45, 46]. In detail, the evapora-
tion effect leads to a continuous concentration of the
salt solution from the surface to the interior, which pre-
cipitates as crystals on the rock surface. This causes the
rock surface to detach or crack. According to field inves-
tigation, the edge of the exfoliation is the aggregation
position of salt crystals. Furthermore, the deterioration
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Fig. 2 Flowchart of the hyperspectral estimation method for deterioration of rock carvings
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Fig. 3 Deterioration distribution map for rock carving of the Nine Dragons Bathing the Prince
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Fig. 4 Typical deterioration phenomena in research area. a Roughness changes on rock surface induced by crusts; b Exfoliation on the outer
surface of rock carvings; ¢ Salt crystallization at the edge of exfoliation; d Biological colonization of wall surfaces

pattern of biological colonization covers the decoration
on the surface of stone statues, and promotes biological
erosion of their rock bodies. Moisture provides the basic
conditions for biological colonization and affects the rock
carvings with biophysical and biochemical effects [5, 47].

For example, moss is frequently accompanied by algae
and lichen. The roots develop close to the rock surface or
enter the shallow surface of rock along the tiny apertures
and constantly secrete acid substances [48]. This action
loosens the mineral particles in the shallow layer of the
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(c) Surface color change (d) Biological colonization

Fig. 5 The characteristics of various patterns in transmitted-light microphotographs. a Fine-grained structure presented in the sample with original
state; b Fine-grained structure presented in the sample with surface integrity damage; ¢ Fine-grained sandy structure presented in the sample

with surface color change; d Fine-grained structure presented in the sample with biological colonization (Qtz: quartz; Fsp: feldspar; Bt: Biotite; Calc:
calcium)
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Fig. 6 Identification of samples with different types. a Mineralogical composition testing by X-ray diffraction; b Chemical composition testing
by X-ray fluorescence
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rock. It is clear that there are numerous negative aspects
in the protection of cultural relics, and all deterioration
patterns may overlap and intermingle.

Combined with the identification of the thin section
(Fig. 5) and XRD testing (Fig. 6a), it can be seen that the
microstructure is presented as fine-grained and sand-
shaped with a massive structure. Moreover, they have
pore cementation contact. The grain size of the original
state is typically in the range of 0.1-0.3 mm, with better
sorting. The grain size of SID, SMC, and SCC are concen-
trated between 0.05 and 0.15 mm, and the grain size of
biologically colonized rocks is mostly between 0.15 and
0.2 mm, with the overall grain size of sand showing a ten-
dency to be finer and poor sorting. The mineral compo-
sition content of different deterioration patterns can be
shown in Fig. 6a.

There is a notable variation in the feldspar content of
the mineral composition. Similar studies have found that
feldspar dissolution is the most intense feature in humid
and acid environments [49, 50]. Compared with the origi-
nal state, the sandstone samples with the influence of
deterioration show a decrease in feldspar content and an
increase in the contents of quartz and clay minerals. This
indicates that the feldspar is hydrolyzed in the process of
sandstone deterioration. The calcite content of exfoliated
samples is drastically reduced, which can determine that
the exfoliation results in an apparent loss of intergranu-
lar calcareous cement. Moreover, the products of feldspar
dissolution and clay mineral alteration can be identified as
gypsum based on the results of dissolution sample analy-
sis. In the change of surface morphology, the decrease of
feldspar and calcite content is replaced by gypsum [51]. It
can conclude that the crust layer contains gypsum com-
ponents. The reason for this deterioration is that acid gas
and rainfall in the environment react with sandstone to
form gypsum. Meanwhile, the crust is deposited at the
junction of dry and wet through rainfall dissolution, and
the gypsum surface is blackened due to dust accumula-
tion [52]. The unique mirabilite component of the dete-
rioration behavior of the color change is caused by the salt
crystal, which covers the surface of the rock mass. Due to
the presence of acid ions in groundwater, the soluble salt
crystallizes to the surface as water evaporates when the
temperature rises. The sodium sulfate in the soluble salt
has obvious deterioration to the rock carvings, and the
formation of Na,SO,-10H,O during the rainfall process
may lead to the expansion of rock mass [27]. In addition,
biological colonization also accelerates the dissolution of
sandstone, and the proportion of clay minerals increased
rapidly from 7.2% to 23.6%, which is the reason for the
loose surface. It can be seen from the loss of feldspar that
the deterioration of dissolution is the most severe damage
to the mineral composition of rock mass. In general, the

Page 9 of 19

formation of various deterioration patterns is related to
the change of feldspar content, which can serve as a refer-
ence index for deterioration analysis.

X-ray fluorescence (XRF) testing is conducted further
to analyze the chemical composition of various dete-
rioration patterns. The changes in chemical composition
between the exfoliation and the original state are slight.
The changes in the decreased contents of CaO, MgO,
Fe,O; and FeO, which relate to the characteristic of exfo-
liation [53]. The main chemical components of feldspar
are SiO,, Al,O,, K,0, Na,O, and CaO, accounting for
more than 80% of the overall content. In contrast, the
total amount of soluble oxides (K,O, Na,O, CaO, MgO)
in the dissolution reaches the highest value of 25.18%
among the various deterioration patterns. The percentage
of soluble oxides in surface morphological change due to
crust is elevated to 16.15% compared to the original state
of 10.92%, which suggests that the rock mass is more sus-
ceptible to dissolution after crust development. The most
significant is that the SO content in surface color change
is 146.5 times that of the original state. Therefore, it is
determined that the soluble salt crystallization caused
by sulfate is the main cause of rock salt weathering in
this area. The chemical composition under the influence
of biological colonization is higher than the increase of
Fe,O; content, and the chemical and biological effects
will form iron oxide minerals with a certain degree of
crystallinity. Related studies have shown that changes
in iron oxide and organic matter are closely related to
chemical and biological weathering [54, 55]. Based on the
analysis of microscopic characteristics and the correla-
tion of feldspar content, a preliminary screening of dete-
rioration patterns can roughly correspond to the field
survey, which can verify the rationality of collected data.

Spectral response for different deterioration patterns

of rock carvings

Based on the microscopic characteristics of the initial
screening to extract the spectral data of various dete-
rioration patterns, the spectral characteristics are more
prominent in the wavelength range of 400-1000 nm after
normalization and Savitzky-Golay smoothing in Fig. 7.
As shown in Fig. 7b, it belongs to visible light in the range
of 400-750 nm and near-infrared light in the range of
750-1000 nm [56]. The subtle differences in deteriora-
tion patterns can be characterized by the spectral reflec-
tance in a specific wavelength range. When physical and
chemical changes accompany deterioration patterns on
the rock, the basic spectral information of the original
rock can be retained. In contrast, biological colonization
of the rock surfaces is covered by vegetation, which sub-
stitutes the spectral information of rock.
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Fig. 7 The average spectral curves of different deterioration patterns in the research area. a Spectral curves processed by normalization; b Spectral

curves filtered by the Savitzky-Golay method

The spectral response presents that different deteriora-
tion patterns alter the shape of the spectral reflectance
curve. According to the division of visible and near-infra-
red spectral wavelengths and the shape of spectral curves,
it can be roughly divided into three stages: visible light
initial stage (400—625 nm), visible light later stage (625—
750 nm), and near-infrared stage (750—1000 nm). Among
them, the biological colonization is significantly different
from the other types of spectral profiles, with a low value
of reflectance between 0.09 and 0.18 in the initial stage of
visible light. It is worth noting that the absorption peak
at the wavelength of 550 nm could be clearly captured in
the range of green light, which verifies that biological col-
onization is affected by the presence of carotenoids and
chlorophyll a [57, 58]. These factors induce an obvious
absorption in the visible light stage, which leads to a low
spectral reflectance. After that, spectral reflectance rises
rapidly from 0.12 to 0.74 in the late visible light. Exist-
ing studies show that the vegetation spectral reflectance
curve rises sharply as an almost nearly vertical straight
line in the wavelength of visible light [59, 60]. The slope
of this wavelength range is closely related to the chloro-
phyll content per unit area of the vegetation, which are
typical spectral characteristics of green plants. The slope
of the curve in this range is known as the red-edge phe-
nomenon [61]. The rise slows down in the near-infrared
stage and eventually reaches a maximum reflectance.

All four types of spectral curves except for biological
colonization show a steep upward trend in the visible
light initial stage, and the slopes of the deterioration pat-
terns are larger than those of the original state, and the
change of the slopes of the spectral curves may be related
to the alteration of the rocks. The relatively strong iron

absorption peaks on the spectral curves of deteriora-
tion samples result in a significant iron absorption peak
near 625 nm [62]. In the visible later and near-infrared
stages, fluctuations in the characteristic reflectance are
triggered by the absorption peaks of metal cations [45].
In these two stages, the spectral reflectance with surface
color changes at the maximum in most cases for all spec-
tral curves. Considering that the surface color change is
related to salt crystallization, it is manifested as uniform
white powder crystals on the sandstone surface [28]. The
presence of salt affects the total brightness of the rock
surface, which increases its spectral reflectance. Compar-
ing the spectral curves of the original state and surface
integrity damage, the spectral reflectance of the surface
integrity damage is greater than the spectral reflectance
of the original state in the eighty percent wavelength
range. It indicates that the reflectance of the internal
fresh rock mass exposed by surface integrity damage
will be greater than that of the external undisturbed
rock mass. A similar investigation found that the contri-
bution of Fe*" is more outstanding in the external rock
mass [63], which is consistent with the XRF testing in
Fig. 6b. Furthermore, the roughness of the rock surface
and mineral grains might affect the spectral reflectance
of the rock. This is reflected in the fact that rocks with
relatively high reflectance values have relatively smooth
rock surfaces and fine mineral grains [64]. As a result,
surface morphology change causes an increase in rough-
ness, which results in lower reflectance values than the
original rock in most of the visible later and near-infrared
stages. In addition, surface morphology change may pro-
duce shadow areas on the rock surface, leading to a lower
reflectance of the characteristic absorption peak than
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that of the original state. Consequently, the extracted
spectral information basically matches each defined dete-
rioration pattern for rock carvings.

Correlation analysis of image grayscale and spectral
reflectance

To effectively extract features from hyperspectral images
for deterioration identification, optical features are
reflected by the grayscale value of images based on the
initial screening of deterioration patterns by microscopic
features. By coupling the grayscale value and spectral
data of pixels, integrated features are applied to distin-
guish the differences between various deterioration pat-
terns. Based on the spectral data processed by the above
spectral preprocessing method, two-dimensional and
three-dimensional spectral indices are constructed. Then,
the constructed spectral indices can be used to analyze
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the correlation between spectral reflectance and image
grayscale for different deterioration patterns.

The results of the correlation between image grayscale
value and spectral reflectance in the spectral indices
NDI, DI, and RI are shown in Fig. 8a—c. The x-axis and
y-axis denote A; and Ay, respectively. The deeper colors
correspond to a stronger correlation between spectral
reflectance and image grayscale value, and the effective
region of the correlation can be evaluated by the correla-
tion coefficient in color bars. The response of the three
spectral index types varies with the wavelength, and the
basic trend is similar. As indicated in Table 1, the optimal
wavelength combination with the highest correlation of
the spectral index is found at 995 nm and 645 nm, cre-
ated by the NDI of the preprocessed spectral data.

To improve the correlation of the spectral index, the
three-dimensional slice diagrams are applied to further

Correlation cofficient Correlation cofficient
075

Wavelength 2 (nm)

T T T T 1 -0.85 T
600 700 800 900 1000 00

Wavelength 1 (nm)
(a) NDI

Correlation cofficient
0.97

Wavelength3 (nm)

-0.97

400 400

(e) TDI

500
400 400

(d) TNDI
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Table 1 The optimal wavelength combination of different spectral indices characterizing image grayscale and spectral reflectance

Types Optimal correction factor Wavelength 1 Wavelength 2 Wavelength 3 Correlation
coefficient

NDSI - 995 645 - 0.845

DSI - 995 660 - 0.761

RSI - 995 645 - 0.742

TNDI a=-1,=-15 745 750 670 0.966

DI a=15 565 655 635 0.878

TRI a=positive number 535 710 655 0.905
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explore the potential correlation between spectral
reflectance and image grayscale values in Fig. 8d—f. The
correlation coefficients of TNDI with different correc-
tion factors show the highest correlation in Fig. 9. The
x-axis and y-axis denote the correction factors from
— 3 to 3 with an interval of 0.5. The TNDI with the two
correction factors is more conducive to enhancing the
correlation coefficient with the spectral index than the
single correction factor. As a result, the correction fac-
tors corresponding to the maximum correlation coef-
ficients of three-wavelength spectral indices and the
optimal wavelength combinations can be presented
in Table 1. The maximum correlation coefficients of
TNDI, TDI, and TRI can reach 0.966, 0.878, and 0.905,
which is an increase in correlation of 0.121, 0.117, and
0.163 compared to that of NDSI, DSI, and RSI, respec-
tively. Therefore, the sensitivity of the spectral index to
the grayscale value of the image can be improved by the
addition of a third wavelength [65, 66]. In contrast, the
TNDI corresponding to wavelengths 745 nm, 750 nm,
and 670 nm by a=— 1, f=— 1.5 can be identified as the
optimal spectral combinations, and the corresponding
band calculation formulae are calculated as:

R; — (R, +1 x Ry,)
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Hence, the recognition of grayscale for different deteri-
oration patterns can be introduced to extract the accurate
spectral data fully, and the corresponding deterioration
characteristics are distinguished for the second time.

Discussion

Spectral information for deterioration patterns extracted
by optimal wavelength combination

Due to the limitations of the two-wavelength form, the
optical information and spectral data of images captured
by a two-dimensional spectral index are insufficient.
Accordingly, the spectral indices of more than two wave-
lengths are considered for expansion. The slice diagram
obtained from the TNDI has been used to determine the
optimal wavelength combination in Fig. 8d, and the cor-
responding wavelengths 745 nm, 750 nm, and 670 nm
of the optimal wavelength combination belong to the
visible light range. The increase in the correlation coef-
ficients suggests that the operation of the three-dimen-
sional spectral index contributes to the search for a more
sensitive wavelength combination. Studies have shown
that the sensitive wavelengths calculated by the optimal
spectral index are also related to the characteristic prop-
erties of the test substance [36, 67]. The sensitive wave-
lengths for different deterioration patterns in this study

TNDI = 12) :
Ry, + (RAZ 4+ 1.5 x Rh) are related to iron elements [45].

Based on the calculation formula of the optimal wave-
length combination, the responses of different deterio-
ration patterns in Fig. 4 can be presented in Fig. 10. It
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Fig. 10 Response of optimal wavelength combination constructed by the three-wavelength normalized difference index (TNDI) to different
deterioration patterns (OS: original state, SID: surface integrity damage, SMC: surface morphological change, SCC: surface color change, BC:

biological colonization)

can be seen that the grayscale value and spectral reflec-
tance of each pixel point calculated by the characteristic
wavelengths can be sensitive to different deterioration
patterns. According to the image processing results of
optical influence and spectral reflectance of different
deterioration patterns, the distribution of various dete-
rioration characteristics on the rock surface is more
accurately displayed than visual observation. The corre-
sponding quantification of each type of deterioration in
images can be presented in Table 2, which enables the
secondary screening of deterioration patterns.

It can be found in the optical and spectral responses
that the defined various deterioration patterns are

symbiotic. The most common phenomenon among
the various deterioration patterns in humid regions, as
illustrated in Fig. 10, is the predominant distribution
of surface integrity damage such as exfoliation and dis-
solution. Exfoliation may cause specific thicknesses
of rock fragments on the rock surface to be detached
from the rock body. Furthermore, the pores of the dis-
solved surface are increased, and part of the internal
rock is exposed to the air. Water molecules easily infil-
trate the bonding interface near the surface of the rock
carvings due to the long-term erosion of the humid
environment and dissolve with unstable minerals such
as feldspar simultaneously [2, 68, 69]. For the results

Table 2 Percentage of optimal wavelength combinations constructed from the three-wavelength normalized difference index (TNDI)

in response to different deterioration patterns

Types Original state Surface integrity Surface morphological Surface color change Biological
damage change colonization

Figure 10a 0 2791 4597 9.28 16.84

Figure 10b 27.87 36.88 16.28 18.96 0.01

Figure 10c 37.14 27.05 24.96 10.85 0

Figure 10d 12.83 2641 19.15 0.05 41.56
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calculated by the spectral index, the exposed rock
mass after the surface integrity damage in Fig. 10b may
cause color brightness and roughness to increase, thus
affecting greyscale value and spectral reflectance.

As demonstrated in Fig. 10a, the surface morphology
change triggers the rock surface to split and the scat-
tered distribution of small pieces. Meanwhile, there
is apparent biological colonization on the crust. The
distribution of surface color change can be shown in
Fig. 10c, and the precipitated salt particles are com-
paratively small. In addition to this, the surface color
changes caused by salt deposits are concentrated in
the cracks, which is similar to the findings of Vazquez
et al. [70]. However, the surface color change is often
interspersed with surface morphological change,
which is generally a coexistence phenomenon. The
complexity of the environment further triggers the
mutual enhancement between different deterioration
patterns [7, 71]. The distribution of the deteriorations
in the biological colonization of Fig. 10d seems to be
more inclined to develop on the basis of surface integ-
rity damage. The spectral data from the concentrated
areas of deterioration patterns in Fig. 10 is extracted
separately, thus creating a spectral database for subse-
quent training of the classification model.
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Comparison of classification models in deterioration
patterns identification

To classify the hyperspectral data with different dete-
rioration patterns, two tests of the intelligent model are
performed. The first test is to compare the results of
XGBoost model, RF model, and SVM model for different
deterioration patterns, as shown in Fig. 11. The results
in the training set show that all types of classification
models maintain high accuracy. Thus, it concludes that
the reasonableness of the training set can be reflected
by extracting from the correlation response of gray-
scale and spectral reflectance. The second test is for the
built-in parameters of the classification model, in which
WOA, WGO, and PSO are applied to determine the opti-
mal solutions of the model parameters, as illustrated in
Fig. 12. The WOA is superior to other optimization algo-
rithms in searching for the optimal solution of the model
parameters so that the preset parameters are replaced by
the optimized ones. The combination of XGBoost and
WOA is a classification model screened by two feature
analysis, which can be used to identify the defined dete-
rioration patterns. The XGBoost model presents an accu-
racy of 0912 in distinguishing deterioration patterns.
By contrast, the classification accuracy can be improved
by 0.039 based on the WOA algorithm. These results
show that optimizing the built-in parameters by intelli-
gent algorithms on the training set to obtain the optimal

Accuracy 0.951 0.912

0.905 0.882
B
B scc

sMc

SID

0s

Fig. 11 Inversion of rock carvings deterioration by different classification models. The WOA-XGBoost model shows the highest classification
accuracy (OS: original state, SID: surface integrity damage, SMC: surface morphological change, SCC: surface color change, BC: biological

colonization)



Chen et al. Heritage Science (2024) 12:105

0.1

Types WOA WGO PSO
Optimal fitness 0.072 0.069 0.062
value : . i
0.10 n_estimators 180 160 151
learning_rate 0.05 0.13 0.15
gamma 0.3 0.1 0.2
0.09 4 max_depth 6 5 9
: subsample 0.7 0.8 0.6
7)) min_child_weight 3 5] 1
®
< 0.08
Z
0.07 | I
—— WOA-XGBoost
0.06 —— WGO-XGBoost
—— PSO-XGBoost
0.05 T T T T T T
0 10 20 30 40 50
Iterations

Fig. 12 The built-in parameters of classification model determined
by optimization algorithms (XGBoost: eXtreme Gradient Boosting;
WOA: Whale Optimization Algorithm; WGO: Grey Wolf Optimizer; PSO:
Particle Swarm Optimization)

combination for the deterioration inversion is effective.
The optimized classification model identifies each pixel
point of the hyperspectral image, which demonstrates the
advantages of the method in the classification of deterio-
ration patterns [72-74].

Each pixel point in the image appears to differ in
response to deterioration features after recognition by
trained models, with each color representing a dete-
rioration pattern. All models provide reasonable and
interpretable results that match the visually observed
distribution of deterioration patterns. The complexity
in the classification of crust and biological colonization
can be observed in Fig. 11a. It may produce the largest
misclassification areas in this situation, as the presence
of significant intersections between these two deterio-
ration patterns leads to only one classification result in
most areas. These differences can be explained by the
subtle differences in texture and brightness of these
two deterioration patterns, which presents a challenge
to identify the rock boundaries in images. The WOA-
XGBoost model gets the best recognition in distinguish-
ing the crust and biological colonization. It can be seen
in Fig. 11b that there are still some limitations in spatial
feature recognition. The shaded surfaces may appear
under three-dimensional spatial features, which hinders
the classification of spectral data in this instance. In the
analysis of hyperspectral mineral domain mapping, spa-
tial limitations are also mentioned as major shortcomings
in the performance of identification methods [75].
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The identification of surface color change in Fig. 11c
on the surface of the exfoliated boundary is worth notic-
ing. In detail, the fine-grained features of salt crystalliza-
tion can be accurately identified in the millimeter-scale
hyperspectral images. Figure 11d presents the superposi-
tion of multiple deterioration patterns. It is easy to distin-
guish the deterioration patterns and quantify their spatial
distribution, which solves the problem that cannot be dif-
ferentiated by visual observation effectively. The recogni-
tion of WOA-XGBoost maintains steady performance in
all case studies, while the other models exhibit some mis-
classification. These deterioration phenomena confirm
the developed classifier as the most robust one. Based on
this, the trained model is applied for the field deteriora-
tion recognition of rock carvings.

Deterioration assessment of rock carvings characterized

by proposed chemical composition change index

The degree of quantifying the deterioration patterns is
developed while validating the feasibility of the hyper-
spectral approach to deterioration identification. As
shown in Fig. 13, the optimal model is applied for the rock
carving of the Nine Dragons Bathing the Prince to evalu-
ate the effect of spectral recognition. The proportion of
deterioration in the selected areas exceeds 50%. Biologi-
cal colonization is the most common type of deteriora-
tion, and surface morphological change accounts for the
least proportion. It can be seen from this that although
biological colonization makes the surface of rock carv-
ings black, their subtle morphological changes allow the
outline of rock carvings to be preserved. The protective
or destructive effects of biological behavior on the rock
mass have been frequently discussed in previous studies,
and related analyses have demonstrated that biological
crusts are effective in slowing down the deterioration of
the rock mass by physical weathering [76, 77]. Due to the
complexity and variability of the environmental condi-
tions in which the rocks are located, there are differences
in physical and mechanical properties, mineral composi-
tion, and microstructure between weathered rocks and
fresh rocks. This difference increases with the degree of
weathering. Among them, the significant change in rock
chemical composition is considered an essential index
for assessing the weathering degree, and existing stud-
ies have been conducted to propose a weathering index
by comparing the percentage of chemical composition
between weathered and original rocks [23, 78]. Refer-
ring to related studies, the weathering index (WI) can
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OS SID SMC SCC BC

Fig. 13 Quantitative deterioration assessment of the Baodingshan Grotto based on weathering index represented by the chemical composition

and the hyperspectral identification of deterioration distribution. There is a positive correlation between the deterioration index (DI)

and the deterioration degree, which indicates that the middle part of this rock carvings is relatively less deteriorated (OS: original state, SID: surface

integrity damage, SMC: surface morphological change, SCC: surface color change, BC: biological colonization)

be expressed as the ratio of weathered rock and original
rock:

I weathered

WI = (13)

I original state

where I represents a molar ratio of chemical composi-
tion. It can be calculated as follows:

(I(zo + NayO + CaO—H20+)

According to the definition of weathering index, the
value is inversely proportional to the weathering degree.
Then, the deterioration index (DI) can be characterized
as the accumulation of various patterns:

 (SiO3 + Al O3 + Fey03 + TiOs + CaO + MgO + NaO + K»0)

(14)

Table 3 The comprehensive assessment of different deterioration patterns in Baodingshan Grotto

Deterioration assessment Original state Surface integrity Surface Surface color  Biological Deterioration

damage morphological change colonization index
change

Weathering index 1 0914 0.528 2.038 0.595 -

Region b 0323 0.139 0.008 0.199 0331 1.144

Region ¢ 0.449 0.148 0.017 0.091 0.295 1.183

Regiond 0.385 0.176 0.015 0.103 0321 1.196

Region f 0441 0.206 0.007 0.125 0.221 1.112

Weathering index is determined by the chemical composition of samples, and the percentage of deterioration patterns in each region is identified by hyperspectral

imaging. Deterioration index is calculated by weathering index and hyperspectral imaging, which is proportional to the severity of deterioration
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p

DI = —
Wi

(15)
where P is the percentage of deterioration patterns
according to hyperspectral image recognition. The value
of DI is positively correlated with the deterioration
degree. In the deterioration index calculations of this
study, the values of the subcomponent in the defined
deterioration patterns are averaged.

According to the results of the weathering index of dif-
ferent deterioration patterns in Table 3, the contribution
of surface morphological change and biological coloni-
zation to the weathering degree is the most significant,
while surface color change is the slightest. Similar stud-
ies have been conducted that surface morphology change
shows notable weathering front along the deep direction
of the rock mass in the deterioration evolution, and the
weathering index presents a gradual increase from outer
to inner layer [22, 70, 79]. Biological weathering is a pro-
cess of irreversible damage to the rock structure by the
physical and chemical effects on the rock matrix by the
growth and metabolism of living organisms [47]. Further-
more, when the evaporation effect on the surface of the
rock mass is only the salt crystallization phenomenon,
which leads to the change of surface color, the weathering
degree will be weaker than that of other weathering. The
deterioration phenomenon is consistent with the calcu-
lated weathering index values obtained for samples taken
from humid regions.

Combined with the weathering index and the distribu-
tion of deterioration patterns, the deterioration assess-
ment results are shown in Fig. 13. The deterioration
values in the middle part of the rock carvings are 1.144
and 1.112 (Fig. 13b and f), which are smaller than 1.183
in the upper part (Fig. 13c) and 1.196 in the lower part
(Fig. 13d) of rock carvings. The upper and lower parts
of the rock carvings, where biological colonization is
concentrated, are found to be the more seriously dete-
riorated places. Considering that the rock carvings in
Fig. 13a contain a diversion tunnel, the water system is
developed in this area. Rainfall and surface water migra-
tion will both have an impact on the surface of rock carv-
ings. Meanwhile, the wetting front might have a tendency
to stay in the middle and upper areas with the capillary
action [80]. Significantly less biological colonization
occurs in areas with active capillary water. Consequently,
it exhibits similar deterioration driven by capillary water
migration. Besides, the presence of moisture provides a
growth environment for microorganisms and plants sur-
rounding active areas of capillary water. This leads to the
destruction of crucial cultural heritage represented on
the rock carvings. In general, it is possible to determine
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the deterioration degree of the rock carvings by correlat-
ing the deterioration identification with the weathering
degree.

Conclusions

In this study, a method for estimating the deterioration
patterns of rock carvings in humid regions of southern
China using the hyperspectral imaging technique was
established, and its effectiveness was evaluated in Dazu
Rock Carvings. The main findings can be presented as
follows.

The different deterioration patterns of Baodingshan
Grotto under environmental influence can be classified
as surface integrity damage, surface morphology change,
surface color change, and biological colonization. In the
microscopic analysis of various deterioration patterns of
rock carvings, the difference in sandstone deterioration
can be characterized by mineral proportion and chemi-
cal composition, which is regarded as a qualitative iden-
tification of deterioration patterns. Specifically, feldspar
content and soluble oxides show a strong correlation with
deterioration. Also, the grayscale value of images was uti-
lized as an optical indicator to assess the deterioration
pattern. According to the grayscale values and spectral
reflectance of the images, a three-wavelength spectral
index with dual correction coefficients was constructed
to identify the corresponding deterioration responses,
thus serving as a quantitative identification of the dete-
rioration patterns.

Based on the results of two identification screenings
and the preference for intelligent algorithms, the spec-
tral library of various deterioration patterns was applied
to the assessment model. The WOA-XGBoost model
obtained the best results in the testing of deteriora-
tion patterns. In addition, the feasibility of the proposed
method was verified for the field deterioration of Baod-
ingshan Grotto by combining the weathering index and
the deterioration distribution of spectral identification.
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