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ABSTRACT

Characterization of mortar samples from spectral reflectance
is essential for both the conservation of historical buildings
and modern construction practices. We propose an approach
to estimate the composition of mortar by spectral unmixing.
Changes in the spectral reflectance of raw powder mixtures
after chemical reactions with water complicate the problem.
The challenge becomes even more pronounced when the end-
member spectra of the cured pure components are unavail-
able for unmixing. The proposed approach mitigates spectral
variability by projecting the dataset onto the unit hypersphere
on which the endmembers are estimated using a minimum
volume optimization technique. The endmembers are then
manually assigned to the pure components and the original
composition of the mortar samples is determined by minimiz-
ing the reconstruction error between the measured and recon-
structed spectra. The methodology was validated using spec-
tral reflectance data from 93 different mortar samples. Ex-
perimental results demonstrate the potential of the proposed
approach.

Index Terms— Hyperspectral imaging, Mortar charac-
terization, Spectral unmixing, Cultural heritage conservation,
Construction materials

1. INTRODUCTION

Mortar is a crucial component of nearly all structures. Its
ubiquity makes a rapid and accurate non-destructive estima-
tion of its composition essential for both the conservation and
anastylosis efforts of current and historical buildings. Like-
wise, the accurate estimation of mortar component compo-
sition allows for the deduction of its physical properties and
the matching of historical materials used, leading to preserved
authenticity and avoiding damage to historical buildings and
important architectural pieces [1]. Consequently, there exists
a need for reliable methods for mortar component characteri-
zation and estimation [2].

Recently, hyperspectral image analysis techniques have
been increasingly used in the context of mortar materials, ei-
ther for categorizing different types of mortar samples or to

estimate their compositions or physical properties [3, 4, 5, 6,
7, 8]. To estimate the composition of mortar samples, hyper-
spectral unmixing approaches may come in handy, but have
not yet been explored in this context.

The main purpose of hyperspectral unmixing is to deter-
mine the proportion of pure material spectra, known as end-
members, present within each pixel. This is typically done
by reducing the discrepancy between the measured spectral
reflectance and the spectrum predicted by a chosen mixing
model. Although advanced hyperspectral unmixing meth-
ods are constantly being developed, many of these methods
struggle when the acquired datasets are affected by spectral
variability [9]. This variability often arises from changes
in illumination and acquisition conditions. The challenge is
further compounded when no spectra of pure material are
present in the dataset. Although several recent approaches
have attempted to simultaneously estimate endmembers and
fractional abundances [10], [11], they still fall short in effec-
tively handling spectral variability.

The main goal of this work is to estimate the original com-
position of mortar samples, i.e., the fractional abundances of
the original raw powders that have been used to create the
samples. A major challenge is the significant difference be-
tween the spectral reflectance of raw powder mixtures and
that of cured samples. This discrepancy is partly due to the
fact that the raw powders undergo chemical reactions with
water, forming complex compounds. An additional challenge
is that no pure endmember spectra are available in the re-
flectance data of the cured mortar samples. The raw pow-
ders are not suitable, and even if one had access to cured
pure component samples, their spectral reflectance may not
be suitable either, due to the complex chemical reactions in
the mixtures. To reliably estimate the composition of cured
samples (fractional abundances), we developed an effective
unmixing method that can estimate the endmembers, relate
them to the original raw components, and estimate the corre-
sponding abundances.



2. DATASET AND METHODOLOGY

2.1. Dataset
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Fig. 1. plot of the spectra of pure dry powders and the cured
pure bricks.

In this work, we prepared a total of 93 mixtures using
four pure mineral powders commonly used as binder agents
in both historic and modern construction materials: gray ce-
ment, white cement, beige lime, and white lime. gray and
white cements primarily consist of Portland cement and lime-
stone, whereas white lime and beige lime are mainly com-
posed of calcium carbonate and silica. Of these mixtures,
41 are binary (containing two components), 41 are ternary
(three components), and the remaining 11 are quaternary (all
four components). The total mass of each mixture is approxi-
mately 211 g. Each of these mixtures was then supplemented
with 500 g of sand, followed by the addition of sufficient wa-
ter (approximately 90 g) to ensure the mixture was pourable
and suitable for proper curing. The prepared mixtures were
then poured into moulds and allowed to fully cure and dry
completely. These fully cured samples are referred to as mor-
tar bricks (see Fig. 2 for the corresponding RGB image). In
addition to the 93 samples, four additional samples were pre-
pared by mixing each of the four original mineral powders
with sand and water. These are referred to as pure mortar
bricks.

The spectral reflectances of mortar bricks, pure mortar
bricks, and pure mineral powders were then measured under
laboratory conditions using an ASD spectroradiometer. The
data from the spectroradiometer has 2151 spectral bands,
ranging from 350 to 2500 nm with a step size of 1 nm. Fig.
1 shows the spectral reflectances of the pure mineral pow-

Fig. 2. RGB image of the 97 mortar bricks.

ders along with the pure mortar bricks. As expected, the
spectral reflectance of the cured pure mortar bricks differs
significantly from that of the pure mineral powders. The
pure mineral powders (see Fig. 1 (a)) have spectral features
around 1400 nm and 1900 nm, indicating the presence of
vibrational hydroxyl processes [12]. On the other hand, the
spectral features of the cured pure mortar bricks in these
wavelength ranges are enhanced and distorted, due to the
formation of new compounds such as Calcium Silicate Hy-
drate [13]. Moreover, due to carbonation during or after the
curing process, the spectra of the cured pure mortar bricks
may be influenced by the presence of calcium carbonate,
particularly around 2300 and 2500 nm. Because the effects
of calcium carbonate and calcium silicate hydrate may hin-
der the composition estimation, we decided to remove the
wavelengths above 1700 nm from the spectra. Additionally,
because the sample color strongly influences the signal in the
visible and near-infrared range (350–1000 nm), and this same
wavelength range lacks distinctive absorption features (see
Figure 1), it was also removed. Therefore, the spectra were
truncated to the 1100–1700 nm range for further analysis.

2.2. Methodology

The required unmixing procedure should estimate both end-
members and fractional abundances. Endmembers are esti-
mated by a minimum volume optimization of the data mani-
fold, which requires a data simplex whose faces pass through
the spectral reflectances of the binary mixtures. Moreover,
variations in illumination and acquisition conditions must be
addressed. In general, the proposed method consists of three
main steps: (a) tackling spectral variability; (b) estimating
endmembers; and (c) estimating the fractional abundances.

2.2.1. Tackling spectral variability

Scaling effects induced by variation in illumination and acqui-
sition conditions can be tackled by projecting each measured



spectrum onto the unit hypersphere:

y → y

∥y∥
(1)

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

2.2.2. Estimating endmembers

As demonstrated in [11], to accurately estimate the endmem-
bers of a dataset, at least one binary mixture should be present
on each face of the data simplex. If this condition is met,
the endmembers and abundances can be simultaneously esti-
mated by optimizing the following equation:
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s.t.0 ≤ E ≤ 1, 0 ≤ A ≤ 1,1TA = 1N (2)

where p denotes number of endmembers, E = [e1, e2, · · · , ep]
is the endmember matrix, Y = [y1,y2, · · · ,yN] represents
the measured spectra, A = [a1,a2, · · · ,aN] is the matrix
containing the compositions of the N mixtures, λ is a regu-
larization parameter, and m is a vector that contains the mean
values of the spectral pixels.

Each estimated endmember is then assigned to one of the
pure components by visually comparison with the spectra of
both pure powders and cured mortar bricks.

2.2.3. Estimating the fractional abundances

To improve the estimated fractional abundances, in the final
step, for each pixel we optimize the following equation:∣∣∣∣∣∣∣∣ y

||y||
− Ea

||Ea||

∣∣∣∣∣∣∣∣2
2

, s.t.a ≥ 0,1Ta = 1 (3)

We would like to clarify that while Eq. (2) optimizes the re-
construction error for the spectral reflectance of all mixtures
simultaneously, Eq. (3) does this for each single mixture sep-
arately.

3. RESULTS AND DISCUSSION

We applied the proposed approach to the spectral reflectance
data of the mortar bricks acquired with the ASD spectrora-
diometer (see Section 2). In the first step, all measured spec-
tra were projected onto the unit hypersphere. By utilizing the
entire dataset of cured mortar samples, the endmembers were
estimated in the subsequent step by optimizing Eq. (2). The
estimated endmembers are shown in Fig. 3. For comparison,
the spectra of the dry pure minerals and the cured pure mor-
tar bricks are also presented. One can observe that the end-
members estimated using the proposed approach show a high

degree of similarity to the spectra of the cured pure mortar
bricks.
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Fig. 3. Dry, cured, and estimated endmember spectra.

To further quantify the results, Table 1 reports the spectral
angle distance (SAD) between the estimated and measured
spectral reflectances:

SAD(x,y) = acos
(

xTy

∥x∥ ∥y∥

)
× 180/π (4)

As can be observed, the average SAD values between the es-
timated spectra and the measured spectra of the pure mortar
bricks are relatively low, indicating good agreement. In con-
trast, the measured spectra from the dry powders show sig-



Material Dry vs Cured Dry vs Estimated Cured vs Estimated
White Cement 2.8967◦ 2.6162◦ 0.4567◦

Gray Cement 1.7960◦ 1.4243◦ 0.4914◦

White Lime 0.8267◦ 0.6628◦ 0.2870◦

Beige Lime 0.7743◦ 1.5036◦ 0.7657◦

Average SAD Values
Average 1.5734◦ 1.5517◦ 0.5002◦

Table 1. SAD values between estimated endmembers, dry
pure powders, and the cured spectra of pure mortar bricks.

nificant deviations from the estimated ones and those of the
cured samples, particularly in the case of white cement.

In the final step, we estimated the fractional abundances
of each mixture by using the endmembers obtained in the pre-
vious step and optimising Eq. (3). The Abundance root mean
squared error (RMSE):

Abundance RMSE =

√√√√ 1

pN

p∑
j=1

N∑
i=1

(
Âij −Aij

)2

(5)

between the estimated and ground truth values is reported in
Table 2. For comparison, the fractional abundances estimated
using the spectra of the pure mineral powders and the pure
mortar bricks as endmembers are also presented.

Material Dry Endmembers Cured Endmembers Estimated Endmembers
White Cement 0.5914 0.1974 0.2154
Gray Cement 0.1387 0.1719 0.1433
White Lime 0.3707 0.2335 0.2190
Beige Lime 0.3212 0.2093 0.1597

Average abundance RMSE Values
Average 0.3555 0.2030 0.1844

Table 2. Abundance RMSE values between the ground
truth fractional abundances and the estimated ones using dry,
cured, and estimated endmember spectra.

As expected, using the spectra of pure mineral powders as
endmembers resulted in a high RMSE, particularly for white
cement and white lime. For these materials, the spectral dis-
tortion is more pronounced (see Fig. 3). The use of the es-
timated endmembers yielded slightly better results compared
to those obtained using spectra from the pure mortar bricks.

Another approach to quantitatively assess the perfor-
mance of the proposed methodology is to compute the re-
construction error between the measured and estimated re-
flectance values. However, in this work, we opted to visualise
the reconstruction quality by overlaying the PCA projection
of the reconstructed dataset on that of the measured data.
As shown in Fig. 4, the data points reconstructed using the
proposed method lie close to the true ones. In contrast, the
reconstructions based on spectra from pure mortar bricks as
endmembers exhibit a slight shift, while the worst perfor-
mance is observed when pure mineral powders are used for
the reconstruction.
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Fig. 4. PCA plot of measured spectra and reconstructed spec-
tra using dry, cured, and estimated endmembers.

4. CONCLUSION

In this work, we developed an effective unmixing method ca-
pable of estimating the endmember spectra of mortar bricks,
relating them to raw components, and estimating their com-
position. The methodology was validated on a dataset gener-
ated under controlled laboratory conditions, containing cured



mortar bricks of mixtures of 4 pure powder component with a
fixed amount of sand and water. The estimated endmembers
differed from the spectra of the pure powders but closely re-
sembled the measured spectra of the cured pure mortar bricks
(containing one of the pure powders, sand, and water). More-
over, they yielded slightly better abundance estimations com-
pared to those obtained from the pure mortar bricks. These
results show the potential of the proposed approach for prac-
tical on-site applications of mortar composition estimations,
where no pure mortar samples are available.
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