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ABSTRACT

Understanding how moisture interacts with porous building
stones is essential for preserving heritage structures. Due to
the strong absorption bands of molecular water in the short-
wave infrared (SWIR) range, the spectral reflectance of moist
samples is heavily influenced by water, enabling non-invasive
monitoring via hyperspectral imaging. A recent dataset cap-
tured the spectral behavior of six types of stone at multiple
moisture levels using high-resolution SWIR imaging. While
the Normalized Relative Arc Length (NRAL) method effec-
tively estimated moisture content in most samples, notable
inaccuracies emerged for two specific limestones with strong
internal heterogeneity, Euville and Savonnieres. Petrographic
thin-section analysis confirmed that a single hyperspectral
pixel can indeed span both a large pore (wet region) and the
surrounding stone matrix (dry region). To tackle this chal-
lenge, in this study, we present NRAL+, an enhanced method
for modeling spectral reflectance as a mixture of dry and wet
components at the sub-pixel level. The experimental results
demonstrate the potential of the proposed approach.

Index Terms— Moisture Content, SWIR Hyperspectral
Imaging, Sub-pixel Moisture Heterogeneity, Petrographic
Analysis

1. INTRODUCTION

Stone materials used in historic buildings are especially prone
to deterioration caused by a range of environmental and phys-
ical processes, including salt crystallization, freeze—thaw
fluctuations, biological colonization, and chemical weath-
ering. These mechanisms contribute both to the physical
weakening and the visual degradation of heritage structures
[1]. A primary factor that intensifies these decay processes is
the elevated moisture content within the stone. Therefore, ac-
curate measurement of moisture content (MC) is essential for
diagnosing damage and developing informed conservation
strategies. Various methods have been developed to quan-
tify MC, encompassing both destructive and non-destructive
techniques. Among the invasive methods, the gravimetric
and calcium carbide approaches are widely used for their

high precision and repeatability [2]. Nevertheless, due to
their destructive nature, these techniques are often unsuitable
in heritage contexts where material preservation is critical. To
address this, a number of non-invasive techniques have been
successfully implemented, allowing for moisture assessment
while maintaining the integrity of the historic fabric. These
include infrared thermography (IRT) [3], electrical resistiv-
ity tomography (ERT) [1], and nuclear magnetic resonance
(NMR) [4].

The use of Hyperspectral Imaging (HSI) has emerged
as a promising tool for investigating moisture content (MC)
in building materials, particularly within the conservation
of built heritage (BH). By capturing detailed spectral infor-
mation across a wide range of wavelengths, HSI enables
surface-level analysis that can reveal the spatial distribution
of water and provide quantitative moisture estimates [5].
Despite its potential, HSI remains underutilized in heritage
science. Only a few studies have specifically explored its
application in this context. For instance, Liang et al. [6]
demonstrated how SWIR bands at approximately 1.4 um and
1.9 um, wavelengths strongly absorbed by water,can be used
to track moisture in wall structures. Building on this, Kogou
et al. [7] advanced a hybrid strategy combining SWIR spec-
tral imaging with remote Raman spectroscopy and machine
learning to map both moisture and salt content in historical
buildings. In another recent development, Chaghdo et al.
[8] employed HSI to noninvasively quantify MC in various
natural and historical stone types at multiple saturation lev-
els. However, the reliability of HSI for moisture estimation
is complicated by several material-dependent and environ-
mental factors. The reflectance signals captured by HSI are
significantly influenced by the porous structure of the ma-
terial, pore size variation, and external conditions such as
ambient humidity and temperature [9, 10]. Moreover, HSI is
inherently limited to analyzing only the superficial layer of
the material,typically just 100-300 um deep, which may not
reflect the moisture distribution within the bulk material [11].
In [11], a methodology was proposed to tackle these chal-
lenges. The approach estimates the MC of a sample from
its relative position on the arc connecting two endmembers



(a dry and a fully saturated sample). In [8], this approach
was successfully applied to estimate the MC of several stone
types. While the approach yielded encouraging results for
four stone types, it showed significantly higher errors for two
stone types: Euville and Savonnieres. These inaccuracies
were mainly due to the high heterogeneity of these materials,
in which wet and dry micro-regions coexist within a single
pixel. The measured reflectance reflects contributions from
both dry and wet regions in these scenarios. To address this
challenge, the influence of the dry region on the measured
signal must be accounted for. This study aims to develop
a robust methodology that effectively deals with these lim-
itations, allowing accurate MC estimation even in stones
with complex and non-uniform internal moisture distribu-
tions. The remainder of the paper is organized as follows:
the experimental data and methodology are presented in Sec-
tion 2, results and discussion are detailed in Section 3, and
conclusions are drawn in Section 4.

2. MATERIALS AND METHOD

2.1. Experimental Dataset

In [8], we prepared an extensive short-wave infrared (SWIR)
hyperspectral dataset to characterize porous building mate-
rials under varying moisture conditions. The dataset was
constructed from six different types of building stones: Eu-
ville, Massangis, Neubrunner, Obernkirchener, Savonnieres,
and red brick. For each stone type, six replicate cube sam-
ples (6x6x6 cm?®) were prepared, resulting in a total of 36
samples. All samples were initially fully saturated according
to the NBN EN 1936:2007 standard procedure. Moisture
content (MC) was then gradually reduced to establish six
distinct levels: 100%, 90%, 75%, 50%, 25%, and 0%. Each
sample was scanned using a Snapscan SWIR hyperspectral
camera, having a spatial resolution of 500 pm, producing
a benchmark hyperspectral dataset that captures the spec-
tral signatures of the stones across varying moisture states.
The dataset was analyzed using the Normalized Relative Arc
Length (NRAL) [11] method, which yielded strong perfor-
mance overall. However, reduced accuracy was observed for
the Euville and Savonnieres stone types, likely due to pixel-
level heterogeneity, specifically, each hyperspectral pixel may
encompass both dry and wet regions. To test this hypothesis,
the present study investigates these two stone types in greater
depth. For this purpose, 30 um thin sections were prepared
and analysed with a polarizing microscope (Axioplan, Zeiss)
equipped with a digital camera (Invenio 5D II, DeltaPix).
The thin sections were pre-impregnated under vacuum with
yellow-colored epoxy resin to enhance the visualization of
pores ranging from 50 to 500 pum.

2.1.1. Savonniéres limestone

The following observations summarize the main petrographic
features identified in the Savonnieres samples: Savonnieres
is an oolitic limestone whose grains are held together by a
dog-tooth sparite cement (see Fig. 1 for a general and a de-
tailed view of the thin section). Most of the micritic oolites
appear hollow since their nucleus was dissolved during dia-
genesis Fig. 1(b). As described by Roels et al.[12], the pore
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Fig. 1. (a) General view of the thin-section of Savonniéres
stone (single shot taken using a light table and a camera); (b)
Detail view showing the general appearance of Savonnieres
stone under a polarizing microscope (single polarized light).
1 = intergranular pores; 2 = intracrystalline pores of the
sparite cement (in white); 3 = intragranular pores of the oo-
lites and other stone grains; 4 = intragranular pores inside the
oolites. The green grid box represents the area covered by a
single pixel from the hyperspectral image.

structure of Savonnieres limestone can be classified into four
main categories. The first category is the intergranular pores
that correspond to incompletely filled pore spaces (1, in yel-
low) between the grains. The second category concerns the
intercrystalline pores of the sparite cement (2). The third and
fourth category are the two types of intragranular pores: the
very fine pores inside the concentric layers of the oolites and
other types of stone grains (3), and the large moldic pores cor-
responding to the dissolution of the nuclei of the oolites (4).
Pores of category (1) and (4) are very large and are the main
contributors to the effective porosity, while the pores of cate-
gory (2) and (3) are rather very small (limited contribution to
effective porosity).

Since a significant amount of moisture in moist Savonnieres
resides in intergranular and large moldic pores, the distribu-
tion of these pores within the sample influences the measured
hyperspectral data set. To visually demonstrate that a sin-
gle hyperspectral pixel can indeed encompass both wet re-
gions (intergranular and large moldic pores) and relatively
dry regions (fine intragranular pores and intercrystalline pores
within the sparite cement) of Savonnieres, we overlay one
pixel from the hyperspectral image (indicated by the green
grid box) onto the microscopic image of the thin section in
Fig. 1(b). As expected, a single hyperspectral pixel can over-
lap a part of a large pore (wet region) and a part of the stone
material itself (dry region). We emphasize that this behavior



is consistent across the sample; the same observation holds
true if the green grid box 1(b) is translated to any other loca-
tion within the microscopic image of the thin section.

2.1.2. Euville limestone

The Euville samples were similarly analyzed, with the main
petrographic characteristics outlined below. Euville is a
crinoidal limestone whose grains are held together by a thick
sparite cement (well-developed calcite) in optical continuity
with crinoid ossicles (see Fig. 2 for a general and a detailed
view of the thin section). Other grains can be identified as
peloids and/or shell fragments with thin micrite envelopes
Fig. 2 (b)). Three main categories of pores can be distin-
guished. The first category is the intergranular pores cor-
responding to the yellow coloured spaces (see detail view
of the thin-section). These intergranular pores are the main
contributors to the effective porosity of the stone. The sec-
ond category concerns intragranular pores (i.e. pores inside
the stone grains themselves) and the third category concerns
intercrystalline pores (i.e. pores between the sparite crystals
of the binder). The contribution of these last two categories
of pores to the effective porosity is limited compared to the
intergranular pores (first category).

Similar to Savonnieres, a hyperspectral pixel (see the green
grid box in Fig. 2 (b)) can cover both wet regions (intergran-
ular pores) and relatively dry regions (intragranular pores and
intercrystalline pores of the sparite cement) of Euville, further
confirming the need to account for this effect when accurately
estimating the MC of moist stone samples.

(@)

Fig. 2. (a) General view of the thin-section of Euville stone
(single shot taken using a light table and a camera); (b) Detail
view showing the general appearance of Euville stone under a
polarizing microscope (single polarized light). The intergran-
ular pores can be seen in yellow. In this picture, the crinoid
ossicles (C) appear light gray and are covered by overgrowths
of sparite (in white). Most of the other stone grains appear
dark gray or black. The green grid box represents the area
covered by a single pixel from the hyperspectral image.

2.2. Methodology

The petrographic analysis reveals that big pores and dry
micro-regions can coexist within a single pixel. In that case,

its spectral reflectance can be modeled as a linear mixture of
the spectral reflectance of dry (R4, ) and wet (R.,.¢) regions.

R = (]- - a)Rdry + aRoyet (D

where a denotes the fractional abundance of the wet region.
The spectral reflectance of the wet region will be modeled as
a two-layer model comprising stone grains and water. Water
is a non-diffusely reflecting material, whereas the stone grains
reflect incident light diffusely. Because of this, the thickness
of the water layer (¢) covering the stone grains can be related
to the spectral reflectance of the wet region using the follow-
ing physical model ([13]):

Ryet = Rary exp(—2at) 2)

where « is the absorption spectrum of water.

To allow the MC estimation of the sample, the parame-
ters ¢ and a must be retrieved from the measured reflectance
spectra, which can be done by inverting Eq. (1). This can be
achieved by minimizing the difference between the observed
and modeled reflectance spectra:
||R — Rary[(1 — a) + aexp(—2at)]||, subject to the con-
straints, ¢ > 0 and 0 < a < 1. Variations in illumination
and acquisition conditions often introduce scaling effects in
the measured spectra. This can be dealt with by minimizing:

Rary
iy - Rl - o)+ acxp(—2a0))

where the function || - || denotes the Euclidean norm, which
computes the length (magnitude) of the vector.

If the area that is covered by each pixel is known, the es-
timated thickness of the water layer in a pixel can be related
to the volume of the water it contains (and thus the mass).
When water is not uniformly distributed within a pixel, the
thickness is influenced by dry regions within the pixel, and is
on average given by:

tavg =axt 3)

Within a unit volume, the maximum possible MC is contained
in a fully saturated sample, corresponding to the maximum
t Avg- This correspondence allows us to define a relative mea-
sure of moisture based on water thickness. The ?4,4 of a
moist sample relative to that of the saturated sample serves as
a proxy for MC. The MC of the moist sample can then be es-
timated by calibrating this proxy with the MC of the saturated
sample:

MC(R) = Lavg(R)

= A MC(Rigq 4
tAvg(Rsat) 8 ( t) ( )

where R, denotes spectral reflectance of the saturated sam-
ple and MC (-) represents the MC of a sample.
In the following, we will refer to this method as NRAL+.



3. RESULTS AND DISCUSSION

Scatter plots comparing MC versus estimated MC for Eu-
ville and Savonnieres stones, are shown in Fig 3. Two esti-
mation methods are shown: NRAL(blue) and NRAL+(red).
Reference lines include a solid red 1:1 line and dashed black
+2¢g/g x 100 margin lines to evaluate estimation accuracy.
Root Mean Square Error (RMSE) values for each method
are displayed in the Table 1, highlighting the performance of
NRAL and NRAL+ in estimating moisture content in these
two porous building stones.
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Fig. 3. Scatter plots of measured vs estimated moisture con-
tent for Euville and Savonnieres stones comparing NRAL
(blue) and NRAL+ (red).

Stone Type RMSE NRAL RMSE NRAL+
Euville 1.48 1.10
Savonniéres 2.38 1.35

Table 1. RMSE comparison between NRAL and NRAL+ for
Euville and Savonnieres stone types.

As shown in Fig. 3, the enhanced NRAL+ method, an
improved version of NRAL, demonstrates a notable reduc-
tion in moisture content estimation errors for stone types in
which wet and dry micro-regions coexist within a single pixel
of a moist sample. The algorithm is particularly effective
in addressing the challenges posed by such intra-pixel mois-
ture heterogeneity, leading to a greater reduction in RMSE for
Savonnieres, where this phenomenon is more prevalent. This
is supported by the results in Table 1, which show a com-
paratively smaller error reduction for Euville, where mixed
wet—dry regions occur less frequently.

4. CONCLUSION

In this study, we developed NRAL+, an improved spectral
unmixing method for estimating moisture content (MC) in
porous stones affected by intra-pixel heterogeneity. NRAL+

models the observed reflectance as a linear combination of
dry and wet micro-regions, where the wet component is
physically described by a two-layer model comprising stone
grains and an overlying water film. By inverting this model,
NRAL+ retrieves the fractional wet area and water film thick-
ness, enabling accurate MC estimation. Results show reduced
scatter and RMSE values, especially for Savonnieres, where
mixed wet—dry regions are more frequent. Petrographic anal-
ysis supports these findings, confirming the presence of mi-
croscale heterogeneity. This consistency highlights NRAL+’s
effectiveness in addressing spectral variability and improving
non-destructive moisture assessment in stones.
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