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assessments. Other identification approaches are funda-
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Abstract

Hyperspectral imaging provides a novel approach for intelligent geological perception in tunnelling and underground engineering due
to its high spectral resolution, nondestructive nature, and combined spectral-spatial information. However, in confined underground
spaces, noise is often introduced by short exposure times, low illumination, and dust, and limited spatial resolution can cause mixed pixel
effects, complicating data processing. This study presents an underground hyperspectral imaging-based mineral mapping method that
achieves wall-rock visualization and semi-quantitative mineral mapping through image denoising and spectral unmixing. A spatial-
spectral recurrent transformer U-Net is developed to reduce noise by leveraging spectral band correlations and nonlocal spatial-
texture dependencies. A Dirichlet-based mixed pixel simulation is used to address spectral mixing, with the N-FINDR algorithm iden-
tifying endmember minerals, and the fully constrained least squares method to estimate mineral abundances. When applied to a water
diversion tunnel in Shanxi, the method generates spatial distribution maps of dolomite and calcite. The experimental results confirm its
effectiveness for intelligent geological logging and subsurface geological feature analysis.
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able geological zones, including faults, karst, and
hydrothermal alteration zones (Deng et al., 2023; Lu
et al., 2023; Zhang et al., 2023). Such conditions often
cause major geological disasters, such as water inrushes,
mud outbursts, machine jamming, and landslides, posing
serious threats to construction safety (Liu et al., 2025).
Geological analysis constitutes the fundamental method
for identifying adverse geological conditions in tunnels
and offers intuitive, reliable, and widely applicable

mentally predicated on geological analysis and judgment,
making geological analysis the cornerstone for enhancing
the identification accuracy in adverse tunnel geology
(Klose et al., 2007; Liu et al., 2023). Consequently, accu-
rate, reliable, and intelligent geological analyses are critical
for ensuring tunnel safety during rapid construction
(Akgün et al., 2014; Bhasin et al., 1995; X. Wang et al.,
2024).
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mineral composition in wall rocks, where the mineral com-
position critically governs the physical and mechanical
properties of the tunnel wall rock. Variations in the mineral
composition can induce substantial differences in the engi-
neering properties of rock masses. Taking clay minerals as
an example, their low frictional strength and directional

nical
ation



reduces rock mechanical strength, potentially triggering
geological disasters such as tunnel deformation and sudden
water/mud inrushes (Xu et al., 2023). Zhou et al. (2014)
investigated the mechanical behavior of water diversion
tunnels by analyzing the physical properties and mineral
composition of chlorite schists, providing a comprehensive
stability evaluation. Xu et al. (2022) developed a fault iden-
tification method that integrates rock microstructure, geo-
chemistry, and mineralogy using optical microscopy, X-ray
fluorescence (XRF), and X-ray diffraction (XRD). Applied
to the tunnel boring machines (TBM) 2 segment of the Yel-
low River Diversion Tunnel Project in central Shanxi,
China, it proved effective for comprehensive fault layer
identification in underground and mining engineering, as
well as geological analysis of TBM jamming. Y. Wang
et al. (2024) proposed a rock quartz content prediction
method combining Laser-induced breakdown spectroscopy
(LIBS), rock chemical analysis, and artificial intelligence
algorithms, providing references for tunnel TBM construc-
tion and enabling an advanced understanding of rock char-
acteristics. These studies demonstrate that refined and
quantitative in situ rock and mineral analysis in tunnels
can elucidate the mineral composition and spatial struc-
tural patterns within tunnel rock masses, thereby underpin-
ning research on adverse geology, such as faults and
alteration zones.

Conventional mineral identification methods for rocks
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primarily include microscopic analysis, XRD, and infrared
spectral analyses (H. Zhang et al., 2025). Microscopic thin-
section identification can reveal mineral microcharacteris-
tics and structures in detail (Yang et al., 2024); however,
its utility is limited by stringent laboratory requirements
and the necessity for rock sample thin-section preparation,
rendering it unsuitable for rapid construction. XRD tech-
nology analyzes the crystal structure and composition
through crystalline diffraction phenomena (Ali et al.,
2022); nevertheless, it requires destructive sample prepara-
tion steps such as collection, grinding, and processing,
which are cumbersome and incompatible with rapid,
large-scale in situ mineral identification requirements.
Atomic spectroscopic analysis performs qualitative and
quantitative analyses based on atomic spectral line behav-
ior and intensity characteristics (McElderry et al., 2013),
yet it involves time-consuming sample preparation and
testing and fails to satisfy large-area rapid testing demands.
In recent years, as tunnel construction has progressed
toward intelligence, the requirements for intelligent geolog-
ical analyses have correspondingly increased. To address
the current intelligent construction needs, this study con-
tends that rock and mineral testing technology must evolve
to meet the following criteria: (1) be rapid and near real-
time to support automated and intelligent construction;
(2) operate in situ and remotely without sample contact
or damage; (3) have simple and efficient procedures; and
(4) exhibit high autonomy and intelligence.

Hyperspectral technology is a nondestructive, rapid, and
in situ approach for physical property detection by leverag-
ing material composition (Bhargava et al., 2024; Zahiri
et al., 2022). Each material exhibits a unique spectral signa-
ture, which enables feature identification (Peng et al.,
2025). Compared with conventional techniques, this tech-
nology offers superior efficiency, reduced labor require-
ments, and high accuracy, rendering it widely applicable
across scientific research and industrial applications
(Huang et al., 2024). When hyperspectral technology
acquires reflectance spectral data from rock minerals (un-
der illumination at specific wavelengths), the minerals
undergo electronic and molecular vibrational transitions
under the electromagnetic radiation, exhibiting distinct
spectral characteristics within specific electromagnetic
bands. Mineral spectral studies indicate that rock minerals
exhibit a series of diagnostic spectral features between 0.4
and 2.5 lm. These absorption characteristics arise from
electronic transitions of metal ions and the vibrations of
molecular groups such as Al-OH, Mg-OH, and CO3

2–.
For instance, the absorption feature at 2.20 lm in mus-
covite stems from the stretching vibration of the Al-OH
bond; kaolinite’s dual absorption features at 2.20 and
2.16 lm serve as diagnostic markers; while absorption
around 2.33 and 2.55 lm in carbonate minerals (such as
calcite) relates to CO3

2– ions. Consequently, spectral charac-
teristics serve as proxies for rock composition and struc-
ture, thus enabling mineralogical identification (Chen
et al., 2023; Zhao et al., 2018). Hyperspectral imaging inte-
grates machine vision with spectroscopy, enabling simulta-
neous non-contact acquisition of spatial and spectral
information. This capability has enabled its broad deploy-
ment in large-scale geological surveys, environmental mon-
itoring, and mineral exploration (Son et al., 2022; Wang
et al., 2025). Building upon open-air hyperspectral remote
sensing and reflectance spectroscopy, rapid nondestructive
in situ hyperspectral imaging technology presents a novel
approach for intelligent geological logging in tunnel
environments.

Underground environments pose significant challenges
for hyperspectral analysis because of poor illumination,
high humidity, and restricted access. To date, only a few
studies have addressed hyperspectral data acquisition in
underground mines. Lobo et al. (2021) employed a Specim
FX17 (0.9–1.7 lm) hyperspectral camera under simulated
tunnel lighting, demonstrating hyperspectral imaging for
mapping tin-tungsten ore distributions on mine faces.
Baik et al. (2023) developed a 3D hyperspectral scanning
system to detect iron ores and assessed the effects of dust,
water vapor, and vibration. Both operate under controlled
conditions, whereas the actual acquisition suffers from
short exposure, platform vibration, low light, and dust,
which degrade the image quality. Moreover, limited spatial
resolution and multi-mineral rock compositions often pro-
duce mixed spectra (Shah et al., 2025; Tao et al., 2024),



sensing as an effective tool for intelligent geological logging

2 Mineral quantitative inversion method based on tunnel

alogical analyses of tunnel faces.

2.1 Tunnel hyperspectral image acquisition
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necessitating mineral decomposition and abundance
quantification.

This study conducts in situ tunnel hyperspectral detec-
tion and proposes a geological analysis framework that
enables wall-rock visualization and quantitative mineral
mapping. A spatial-spectral recurrent transformer within
a U-Net reduces noise by exploiting spectral correlations
and nonlocal textures. Mixed spectra were simulated using
a Dirichlet distribution, and spectrally pure endmembers
were extracted via N-FINDR and unmixed with fully con-
strained least squares (FCLS) to estimate mineral abun-
dances. This method maps the dolomite and calcite
distributions to a water diversion tunnel in Shanxi, China.
Spectral reconstruction yielded root mean square errors
(RMSE) of 0.009 500, 0.011 858, 0.006 600, and
0.052 600 across regions, validating hyperspectral remote

and subsurface geological characterization.

hyperspectral images

The mineral quantitative inversion method based on
tunnel hyperspectral imagery, schematically illustrated in
Fig. 1, incorporates two primary techniques: hyperspectral

image noise reduction and spectral unmixing. This
approach employs a deep learning model integrating recur-
rent neural networks (RNNs) (Liu et al., 2018) and Trans-
former (Ghosh et al., 2022) architectures to effectively
suppress noise in complex tunnel environments, thereby
enhancing signal-to-noise ratios. To address the spectral
mixing phenomenon, a Dirichlet distribution-based
mixed-pixel simulation method was developed. Subse-
quently, the N-FINDR algorithm (Wu et al., 2012) was
applied to extract the mineral endmembers, followed by
the solution of a linear mixing model via the FCLS
(Wang et al., 2013) method to achieve quantitative mineral
analysis. This process generates mineral spatial distribution
maps, enabling nondestructive, in situ, and rapid miner-

Fig. 1. Flowchart of mineral quantitative inversion technology for tunnel hyperspectral images.

This study established a hyperspectral imaging system
for tunnel environments. A tripod-mounted hyperspectral
camera (10 nm resolution, 1000–2500 nm range) was posi-
tioned on the tunnel face to capture the surrounding rock.
The swing-scanning platform, camera, and two 1 kW halo-
gen lamps were powered by a tunnel supply, with the lamps
placed symmetrically for uniform illumination and warmed



for 10 min. White reference and dark current data were col-
lected, the scanning speed and camera settings were
adjusted to the target distance, and hyperspectral imaging
was performed. The radiance data were preprocessed and
converted into reflectance data (Fig. 2(a)). After calibrating
light intensity, focal length, and scan speed, dark current
data were collected, followed by spectral calibration using
a Lambertian reference panel (≥99% reflectance) placed
in the target area. Radiometric correction via black and
white correction (Guo et al., 2025) was applied to the
raw data, and the spectra were corrected using Eq. (1) to
mitigate sensor noise and environmental effects and ensure
accurate reflectance measurements.
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Fig. 2. In situ hyperspectral image acquisition of tunnel. (a) Hyperspectral acquisition system (Xu et al., 2025b), and (b) hyperspectral image of wall rock.
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where R represents the spectral reflectance of the sample
after the black and white correction, is the spectral
intensity of the rock reflection, is the dark-field spec-
trum obtained by covering the lens, and is the spectral
intensity reflected by the standard calibration whiteboard.

During hyperspectral remote sensing data acquisition,
sensor spatial resolution limitations frequently cause indi-
vidual pixels to encompass multiple rock and mineral com-
ponents. Consequently, their spectral signatures
superimpose, resulting in composite spectra where pixel-
level reflectance curves no longer represent a single mineral
species, but rather constitute weighted combinations of
multiple endmember spectra at varying proportions
(Fig. 2(b)).

2.2 Tunnel hyperspectral noise reduction

2.2.1 Network framework

In the field of geological hyperspectral imaging in tunnel
engineering, this study introduces a U-shaped hyperspec-
tral imagery (HSI) noise reduction framework based on
deep learning to address the impact of noise on data qual-
ity in complex environments. This framework is based on
the classic noise pollution model and assumes a clean tun-

nel hyperspectral image, as in where H and W

represent the height and width of the hyperspectral image,
respectively, and represents the number of spectral bands.
In the actual acquisition process, when remote sensing
images are inevitably affected by noise N (e.g., Gaussian
noise, pulse noise, and stripe noise) (Bu et al., 2025; T.
Zhang et al., 2025), the collected hyperspectral image Y

containing noise is represented as This model
aims to achieve noise reduction in in situ hyperspectral
images in tunnels by learning the mapping relationship
between the noisy hyperspectral image Y and clean hyper-
spectral image X.

This framework includes a shallow feature extraction
module, multi-scale encoder-decoder module, feature
reconstruction module, and image reconstruction module,
as shown in Fig. 3.

(1) Shallow feature extraction module: 3D convolution
is used to export the initial low-level features from
the hyperspectral image Y, represented as

where represents the number of
channels (the features after converting the original
spectral data into network feature representations).
This operation converts the original spectral data into
feature representations suitable for deep network
processing, thereby laying the foundation for subse-
quent feature extraction.

(2) Multi-scale encoder-decoder module: The network
body consists of a five-level hierarchical structure,
with each layer containing a different number of spec-
tral spatial residual spatial-spectral recurrent trans-
former (SSRT) modules. This module achieves
multilevel extraction of spatial spectral features
through progressive downsampling and upsampling
operations. Its feature propagation process can be
represented as follows:

F i 1 R T F i i 0 1 L 1 2

F out G Conv F L G F 0 3

where L is the total number of SSRT blocks in each
layer, set from the first to the fifth layer as [2, 2, 6 , 2].

I raw
Idark

Iwhite
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F Rg k H W , g
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long-range NSS at multiple scales, thereby improving the

(3)

thus exceeding the fixed-band limitations in GSC modeling.
The SSRT block unifies the NSS and GSC through bidirec-
tionality and shared key-value parameters across branches,

performance was quantitatively evaluated using the mean

ative reflectance values (minimum: –0.03, yellow box).

indicating sensor saturation. Denoising reduced the reflec-

R represents the original SSRT operator. represents the
Block operator. represents downsampling or upsam-
pling, and is excluded from the final decoder. The above-
mentioned SSRT block is the core component of the
network, innovatively integrating spectral and spatial
dual-branch structures, and is used to simultaneously cap-
ture spectral correlation (inter-band relationship) and spa-
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Fig. 3. Noise reduction model for hyperspectral images.

tial self-similarity (inter-pixel relationship within a certain
band).

The spectral branch treats the hyperspectral cube as a
bandwise sequence. Preceding-band context is encoded by
an RNN into a state representation, after which the current
band is partitioned by a shift-window scheme and linearly
projected onto queries, keys, and values. Cross-attention
and self-attention fuse band features under the guidance
of the RNN state, whereas modified simple recurrent unit
(SRU) gates encode the global spectral correlation
(GSC). A multi-layer perceptron (MLP) then performs fea-
ture transformation.

The spatial branch models the intraband spatial rela-
tions under GSC guidance from the spectral branch. The
parameter sharing of keys/values tightly couples both
branches, and self-/cross-attention updates the current
band feature map. To further exploit global spectral infor-
mation, the SSRT module adopts a bidirectional design
that aggregates forward and backward bandwise features;
combined with the shift-window strategy, it enables
multi-level mining of non-local spatial self-similarity
(NSS). This integration strengthens the joint spatial-
spectral representation of HSI.

For each band, the forward and backward SSRT out-
puts are computed and fused to obtain the spatial feature
map. The shift-window scheme progressively captures

concurrent modeling of GSC and NSS.

Feature reconstruction module: After the encoder-
decoder, the spatial-spectral features aggregated via
3D convolution are refined and fused with shallow
features to exploit complementary hierarchies.

(4) Image reconstruction module: The fused features are
upsampled and reconstructed through 3D convolu-
tions to produce the denoised hyperspectral image.

By integrating a Transformer within an RNN frame-
work, the spectral branch preserves the preceding-band
context while learning long-range inter-band dependencies,

overcoming isolated processing and enhancing spatial–
spectral representation.

2.2.2 Noise reduction evaluation

To assess the robustness of the hyperspectral noise
reduction methods under complex real-world conditions,
experiments were conducted on spectral data acquired
under four extreme imaging scenarios: low-light environ-
ments, strong illumination interference, high surface mois-
ture, and long-distance imaging. Noise reduction

peak signal-to-noise ratio (MPSNR) and structural similar-
ity (SSIM). A block processing strategy coupled with data
augmentation techniques (random flipping/cropping/scal-
ing) was implemented to enhance model generalization.

Under photon-limited conditions, the data exhibited
mixed Poisson-Gaussian noise interference with significant
dark current noise, resulting in spectral curve distortion
and weak signal attenuation (Chen et al., 2024). The orig-
inal spectrum (blue, Fig. 4(a)) displayed non-physical neg-

Post-denoising (red), reflectance was restored to the physi-
cally plausible range (0.01–0.06), successfully recovering
the 1900 nm water absorption feature and 2300 nm dolo-
mite diagnostic band.

The saturation effects and optical halos induced by
intense illumination caused a loss of local band informa-
tion (Fig. 4(b)). The original data (blue) showed near-
unity reflectance at approximately 1800 nm (orange box),

tance to 0.92, while eliminating high-frequency fluctuations

T
G



anomalous reflectance fluctuations within the 1900–

2120 nm and 2280–2320 nm). Noise reduction applied

(2050–2500 nm) attributed to thermally induced readout
noise coupling. Crucially, the 2300 nm dolomite feature
was preserved through joint spatial-spectral filtering.

In water-rich geotechnical engineering regions, hydro-
gen bonding modulates the position and width of the
O–H absorption band. The original spectra exhibited
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Fig. 4. Noise reduction effect under extreme imaging conditions. (a) Low light conditions, (b) interference from strong light, (c) adequate moisture, and (d)
long-distance imaging.

2100 nm water absorption band (grey zone, Fig. 4(c)),
including an aberrant elevation at 1950 nm. The post-
denoising absorption valleys exhibited improved symmetry
and alignment with the theoretical vibrational absorption
characteristics of water-bearing minerals.

In the context of long-distance imaging, the raw data
displayed high-frequency noise oscillations (2090–

non-local spatial constraints and spectral low-pass filtering,
reducing fluctuations to ±0.005 reflectance units. Diagnos-
tic features (e.g., 2300 nm dolomite absorption in Fig. 4(d))

maintained spectral fidelity, confirming the preservation of
intrinsic material properties.

The MPSNR quantifies the fidelity of the reconstructed
images, where higher values indicate a superior noise
reduction performance. Let represent MPSNR. repre-
sents the peak signal-to-noise ratio (PSNR) of the kth
band. For the denoised band image and its correspond-
ing ground-truth (both of size H × W), the MPSNR is
calculated as
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l l r

tures and detailed features. The quantitative results of

effect of the denoising algorithm on the hyperspectral

in sensor spatial resolution and environmental complexity,

spectral mixing phenomena in tunnel engineering scenar-
ios. The method initially randomly selects three spectral

in actual scenes. Consequently, these simulations offered

SSIM 0.6145 0.9195

where h w denote the spatial coordinates (pixel location) of
the hyperspectral image, h represents the row index
(ranging from 1 to H, where H represent the height of
the hyperspectral image), w represents the column index
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(ranging from 1 to W, where W represent the width of
the hyperspectral image), denotes the band index
(ranging from 1 to where is the total number of bands),

represents the mean square error of the kth band, and
is the maximum possible pixel value.

The SSIM assesses the preservation of structural infor-
mation in an image, where higher values indicate greater
similarity to the reference image. Let represent SSIM.
Its calculation is defined as follows:

2 C 2 C
S P Y P Y 1 PY 2

l2
P l2

Y C1 r2
P r2

Y C2

7

where and are the local means of images P and Y,
respectively; and are local variances; is the local
covariance; and are empirical constants.

The noise reduction effect on the spectral data under
extreme imaging conditions is presented in Table 1. The
MPSNR of the denoised image increased by 10.2952 dB
compared to that of the noisy image, suggesting a signifi-
cant enhancement in the overall fidelity of the pixel grays-
cale values. The SSIM increased from 0.6145 to 0.9195,
approaching the ideal value of 1.0, demonstrating a signif-
icant improvement in the preservation of structural tex-

both indicators collectively demonstrate the optimization

image quality, establishing a reliable data foundation for
subsequent mineral spectral feature analysis.

2.3 Hyperspectral unmixing

In geological engineering exploration, hyperspectral
remote-sensing technology facilitates geological informa-
tion inversion by acquiring fine spectral characteristics
from rocks and minerals. However, owing to constraints

the acquired images frequently exhibit mixed-pixel effects,
where a single-pixel spectral signal is composed of the spec-
tral characteristics of multiple minerals or rock compo-
nents stacked together.

2.3.1 Mixed pixel simulation
This paper presents a probabilistic mixed-pixel simula-

tion method based on the Dirichlet distribution to address

endmembers from the United States Geological Survey
(USGS) standard spectral library (version s06av95a) by
employing L-norm normalization preprocessing to elimi-
nate dimensional discrepancies. Subsequently, the Dirichlet
distribution is utilized to randomly generate abundance
coefficients, strictly satisfying the non-negativity constraint
and the sum-to-one constraint . This
method exploits the additive property of Gamma distribu-
tions: when is independently and identi-
cally distributed is the shape parameter of the Gamma
distribution), satisfies

the Dirichlet distribution. Based on this principle, the lin-
ear mixing model (where
denotes the endmember matrix and is the model error)
synthesizes a hyperspectral data cube with a spatial resolu-
tion of 100 × 100 pixels and 420 spectral bands covering
0.4–2.5 lm. This approach enables parametric control of
the mixing degree through the convex geometry of the
Dirichlet distribution, generating synthetic datasets that

Table 1
Comparison of MPSNR and SSIM between noisy images and denoised
images.

Index Noisy Out

MPSNR 12.0115 22.3067

adhere rigorously to the physical constraints of hyperspec-
tral unmixing while accurately replicating the spatial
heterogeneity characteristics in tunnel environments.

Figure 5 illustrates the spectral characteristics of the
endmembers and the corresponding abundance distribu-
tion within the virtual mixed pixels. Figure 5(a) depicts
the spectral curves of three endmembers randomly selected
from the USGS spectral library (simulated endmembers A,
B, and C). Significant morphological variations were evi-
dent among the endmembers. This spectral differentiation
facilitated the simulation of mixed pixels. Figure 5(b) pre-
sents the abundance of the three endmember types across
20 randomly selected pixels (random pixels 0–19). The end-
member composition within each pixel varies randomly.
For example, endmember A predominated in random pixel
0, whereas endmember B exhibited the highest abundance
in random pixel 6. Thus, virtual mixed pixels featuring
diverse abundance distributions effectively simulated the
heterogeneous composition of mixed pixels encountered

a varied sample set for evaluating mixed-pixel decomposi-
tion algorithms.

2.3.2 Mineral endmember extraction and content inversion

In hyperspectral data processing, mineral endmember
extraction constitutes a key foundational step for achieving
unmixing of mixed pixels and generating accurate mineral
maps. Compared with traditional manual endmember
selection, which is susceptible to subjective influence and
has limited environmental adaptability in spectral library
matching, the present study employs the N-FINDR algo-
rithm for mineral endmember extraction (George et al.,
2024).

N-FINDR, an algorithm grounded in convex geometry
theory, operates on the principle of identifying the simplex
vertex possessing the maximum volume within the data
space to determine the endmembers (He et al., 2024).
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member. For the p end elements (corresponding to the

the determinant reflects the ‘‘hypervolume” of the mono-

endm
Th

(1)

(2)

(3)

tions. When the simplex volume no longer increases

Within the spectral feature space of the hyperspectral data,
all pixel spectral vectors collectively form a convex
geometry, wherein the spectra of pure mineral endmembers
correspond to the vertices of this convex geometry. The

endmember set is determined such that
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Fig. 5. Virtual mixed pixel end elements and abundance information. (a) USGS random endmember, and (b) random pixel endmember abundance.

The combination of vertices of a sin-
gle body with the largest volume represents the purest end-

dimensional space), the simple volume V formed is

V
1

p 1
det e1 ep e2 ep ep 1 ep 8

where is the determinant value (the absolute value of

mer in dimensional space), and is the
ember spectral vector.
e calculation process is as follows, as shown in Fig. 6.

Initialization: p pixels are randomly selected from the
hyperspectral dataset as initial endmembers

to form a simplex, with its ver-

tices being the selected pixels. Based on the above vol-
ume formula, the current volume of the
simplex is calculated.

Replacement test: For each pixel after
dimensionality reduction (covering all pixel samples
in hyperspectral data), each endmember in the cur-
rent endmember set is sequentially replaced to gener-

ate a temporary endmember set and the
corresponding simplex volume is calculated.
Update: If there exists a candidate pixel such that

then the that maximizes the sim-
plex volume is selected to replace the corresponding
endmember and the set of endmembers E is
updated.

(4) To avoid convergence to local optima, the algorithm
employs random initialization and multiple itera-

Fig. 6. Schematic diagram of N-FINDR algorithm flow.

or the maximum iteration count is reached, the algo-
rithm terminates and outputs the optimal endmember
set.

e1 e2 ep
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a

ing the physical validity of the unmixing results. Conse-

ilarity (Table 2). Overall, both metrics confirm that the

the spectral energy characteristics in the virtual dataset.

lamp light source with an image acquisition working

This study was based on the principle of mineral reflec-
tance spectroscopy, which posits that mixed spectra repre-
sent linear combinations of the constituent mineral spectra.
The validity of this assumption arises from its adherence to
the Beer–Lambert law. Under ideal conditions, this princi-
ple establishes that the spectral response exhibited by
mixed pixels comprising multiple mineral components con-
stitutes a weighted superposition of the pure mineral spec-
tra proportional to their relative abundances. The FCLS
method, which implements the linear mixed model, incor-
porates two strict physical constraints: the non-negativity
of abundances and the sum-to-one constraint. These con-
straints facilitate the optimal estimation of endmember
abundance within mixed pixels (Ducasse et al., 2024), thus

S. Li et al. / Underground Space 27 (2026) 301–320 309

enabling mineral mapping. In this model, the spectrum of a
mixed pixel is formulated as a linear combination of the
endmember spectra:

r
n

i 1

aiei e

i 0
n

i 1

ai 1

9

where is the mixed pixel spectral vector, which represents
the raw spectral data collected by the hyperspectral sensor;
a is the abundance of the ith endmember, which character-
izes the relative content of the corresponding mineral in the
mixed pixel; is the spectral vector of the ith endmember,
which represents the spectral characteristics of pure miner-
als; is the model error, which is used to characterize spec-
tral residuals that cannot be explained by linear models,
including interference factors such as sensor noise and non-
linear mixing effects.

In practical applications, the FCLS method imposes
dual physical constraints on linear mixing models. First,
the non-negativity constraint ensures that mineral abun-
dances conform to physical reality, eliminating physically
implausible negative values. Second, the sum-to-one con-
straint reflects the conservation of mass, which requires
all mineral abundances to sum to unity. By constructing
a constrained objective function and solving it using
Lagrange multipliers or quadratic programming, FCLS
minimizes the spectral reconstruction error while preserv-

quently, the unmixed endmember abundances were
mapped as spatial distributions.

2.3.3 Spectral reconstruction and quantitative inversion

evaluation

To verify the reliability of the endmember extraction
and mixed decomposition, this study reconstructed the
original hyperspectral data based on a linear mixed model
and quantified the inversion accuracy using the RMSE and
spectral angle mapper (SAM).

In the process of spectral reconstruction, for each pixel

(spatial position , the reconstructed reflectance is

generated by a linear combination of the endmember

matrix is the total number of spectral bands
and is the number of endmembers) and the abundance

vector satisfying The abundance vector
was solved using nonnegative least squares optimization.

The RMSE is used to evaluate the reflectance error
between the original and reconstructed spectra, and its cal-
culation formula is as follows:

c
1

k

k

z 1

Oz Rz
2 10

where represents RMSE, is the reflectance of the orig-
inal spectrum in the zth band, is the reflectance of the
reconstructed spectrum in the zth band, and is the total
number of bands in the spectrum.

SAM evaluates the fidelity of a spectral shape by calcu-
lating the angle between the spectral vectors of each pixel
and the reconstructed vector. The lower the value, the more
similar the spectrum. For the pixel point the spectral
vector of the original image (with height × width
dimensions of H × W) is and the spectral vector of the
reconstructed image is with a spectral angle of

The mean spectral angle of all the pix-

els is.

1 H W

m
HW

h 1 w 1

hh w 11

where represents SAM.
The quantitative inversion accuracy of the virtual hyper-

spectral images was evaluated using RMSE and SAM. The
overall RMSE was 0.2540 and the SAM was 0.4327 rad,
indicating acceptable inversion performance. For five ran-
domly sampled pixels, the RMSE values ranged from
0.2402 to 0.2771, with the lowest at (5, 30) and the highest
at (76, 13), which was likely due to the greater spectral mix-
ing complexity. The original spectral means ranged from
0.5517 to 0.5690, and the deviations between the recon-
structed and original means were consistently <0.01,
demonstrating the effective preservation of the spectral
energy distribution. The SAM values ranged from 0.4000
to 0.4769 rad, with pixel (5, 30) exhibiting the smallest
SAM (0.4000 rad), reflecting the highest spectral shape sim-

inversion model achieves stable accuracy and maintains

2.4 Verification

Rock samples collected in situ from a tunnel engineering
site were analyzed using an indoor hyperspectral imaging
system (Fig. 7(a)). This system incorporates an imaging
hyperspectral spectrometer operating in the 1000–
2500 nm spectral range, utilizing a 300 W tungsten halogen
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partial XRD results presented in Fig. 9 confirm that the

sory dolomite.
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Table 2
Quantitative inversion accuracy evaluation of virtual hyperspectral images.

Evaluation Sample RMSE SAM (rad) Original spectral mean Reconstruct spectral mean

Virtual hyperspectral 0.2540 0.4327 – –
Random pixel (76, 13) 0.2771 0.4769 0.5530 0.5524
Random pixel (0, 89) 0.2502 0.4273 0.5600 0.5518
Random pixel (58, 14) 0.2664 0.4588 0.5517 0.5521
Random pixel (37, 65) 0.2648 0.4498 0.5612 0.5519
Random pixel (5, 30) 0.2402 0.4000 0.5690 0.5525

Fig. 7. Indoor hyperspectral image acquisition and noise reduction. (a) Indoor hyperspectral image acquisition system (Xu et al., 2025a), and (b) spectral
noise reduction effect.

distance of 70 cm. The raw hyperspectral image data exhib-
ited a spectral resolution of 12 nm.

The hyperspectral noise reduction method proposed in
this study was applied to process indoor hyperspectral
images. The denoised spectral curves became smoother,
suppressing noise while maintaining key spectral features
such as absorption and reflection peaks (Fig. 7(b)). This
confirms that the noise reduction method effectively
improves the hyperspectral data quality by removing Gaus-
sian noise, pulse noise, and stripe noise. The resulting data
accurately preserves spectral information and spatial
details, enabling reliable mineral identification and compo-
sitional analysis.

Mineral identification was conducted using denoised
hyperspectral images of the tunnel wall rock. Mixed-pixel
unmixing revealed two phases: dolomite and calcite.
Figure 8 shows their spatial abundance, with red areas indi-
cating higher content. Limestone recognition relies on
asymmetric absorption in the 2300–2400 nm range, marked
by a broad left flank and a narrow right flank, enabling
clear discrimination from other minerals. Cation composi-
tion differences yield distinct spectral signatures (Fig. 8(c)):
dolomite (CaMg(CO3)2) has a strong absorption at
2320 nm, while calcite (CaCO3) peaks near 2340 nm.

To obtain quantitative mineral composition data, XRD
analysis was conducted on samples from representative
points. The collected samples were pulverized, pelletized,

and subjected to XRD testing. These results provide a ref-
erence validation for imaging spectroscopy analysis. The

sample was predominantly composed of calcite and acces-

3 Engineering application

3.1 In situ acquisition and noise reduction of tunnel
hyperspectral

To assess the feasibility of hyperspectral imaging tech-
nology in tunnel environments and the efficacy of in situ
large-scale rock and mineral analysis methods at engineer-
ing sites, this study was conducted within a water diversion
tunnel in Shanxi, China. The tunnel site traverses the
Upper Cambrian Gushan Formation ( 3g), exhibiting a
gatemouth-shaped cross-section. The host rock primarily
comprises limestone.

Given that the principal spectral response characteristics
of minerals occur within the 2000–2400 nm range, spectral
dimensionality reduction was applied to the original spec-
tra to mitigate the computational complexity, as detailed
in Table 3.

Figure 10 presents a comparison of the original and
denoised spectral curves (2200–2400 nm key mineral diag-
nostic bands) for three randomly selected points in each of
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Fig. 8. Indoor rock and mineral hyperspectral analysis. (a) Distribution map of dolomite content, (b) distribution map of calcite content, and (c) spectral
curve.

Fig. 9. XRD test results.

Table 3
In situ hyperspectral images of tunnels.

Evaluation object After processing−wavelength range (nm) Wave number Size (height × width)

Water diversion tunnel area I 2003–2395 42 906 × 384
Water diversion tunnel area II 2003–2395 42 910 × 384
Water diversion tunnel area III 2252–2395 16 873 × 384
Water diversion tunnel area IV 2089–2376 31 896 × 384

the four typical tunnel areas. Figure 10(a1)–(a3) illustrates
the original and denoised spectral reflectance for locations
(89, 259), (138, 516), and (191, 126) in water diversion tun-
nel area I. The original spectrum at location (138, 516)
exhibits irregular fluctuations within the 2050–2150 nm
range, whereas the denoised curve exhibits greater smooth-
ness while retaining critical absorption features. Similarly,
Fig. 10(b1)–(b3) depicts the comparison for area II. The
original spectra from locations (203, 317) and (241, 626)
display high-frequency noise between 2100 and 2200 nm;
noise reduction attenuated this noise but also removed
some diagnostic spectral features. The noise reduction out-
comes for areas III (Fig. 10(c1)–(c3)) and IV (Fig. 10(d1)–



(d3)) demonstrate comparable noise reduction characteris-
tics. These findings substantiate that the proposed method
effectively preserves diagnostic spectral fingerprints of

rocks and minerals (e.g., absorption features associated
with functional groups such as Al-OH and CO3

2–) while
suppressing random noise.
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Fig. 10. Noise reduction effect of hyperspectral images. (a1) Water diversion tunnel area I location (89, 259), (a2) water diversion tunnel area I location
(138, 516), (a3) water diversion tunnel area I location (191, 126), (b1) water diversion tunnel area II location (203, 317), (b2) water diversion tunnel area II
location (241, 626), (b3) water diversion tunnel area II location (261, 235), (c1) water diversion tunnel area III location (13, 676), (c2) water diversion
tunnel area III location (183, 311), (c3) water diversion tunnel area III location (302, 424), (d1) water diversion tunnel area IV location (109, 157), (d2)
water diversion tunnel area IV location (270, 218), and (d3) water diversion tunnel area IV location (296, 565).
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Fig. 11. Endmember extraction in different regions. (a1) Endmember spectra of water diversion tunnel area I, (a2) endmember spectral merging of water
diversion tunnel area I, (b1) endmember spectra of water diversion tunnel area II, (b2) endmember spectral merging of water diversion tunnel area II, (c1)
endmember spectra of water diversion tunnel area III, (c2) endmember spectral merging of water diversion tunnel area III, (d1) endmember spectra of
water diversion tunnel area IV, and (d2) endmember spectral merging of water diversion tunnel area IV.



2319 nm (endmember 2), and 2338 nm (endmember 3).
The reflectance of endmember 1 exceeded 0.2, whereas that
of endmember 3 remained below 0.1, across the full spec-
tral range.

In area II, six endmember spectra were extracted via the
N-FINDR algorithm (Fig. 11(b1)), covering 2003–
2395 nm. Pronounced spectral variations were observed
at 2319 and 2338 nm. Endmembers A, E, and F showed
calcite-specific absorption at 2338 nm (reflectance >0.1)
with similar profiles and were merged as endmember 1
(Fig. 11(b2)). Endmembers B and D shared absorption at
2319 nm and were merged as endmember 2. Endmember
C had a consistently low reflectance (<0.1) with negligible
absorption at 2338 nm. After optimization, the six
endmembers were reduced to three with diagnostic features
at 2338, 2319, and 2338 nm. The reflectance of endmember
1 exceeded 0.2, while that of endmember 3 remained
below 0.1.

mination effects.

(Fig. 11(d1)), covering 2089–2376 nm. Significant variations

2338 nm. Optimization reduced the five endmembers to
three, with diagnostic features at 2338, 2319, and
2338 nm. The reflectance of endmember 1 exceeded 0.25,
whereas that of endmember 3 remained below 0.25.

3.3 Quantitative inversion and mapping of wall rock minerals

Figure 12 presents the mineral abundance distribution
maps derived from the FCLS inversion for different regions
of the water diversion tunnel. Each subfigure employs a
uniform pseudo-color scheme (range: 0–1) to represent
mineral abundance, with red and blue indicating high-
and low-abundance zones, respectively. Figure 12(a)
depicts the abundance distributions of the calcite I, dolo-
mite, and calcite II endmembers in tunnel area I. As illus-
trated in Fig. 12(b), dolomite exhibits a zonal distribution
pattern with localized edge dissolution textures, potentially
associated with hydrothermal channel influence.

co
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3.2 Extraction of endmember minerals from wall rock

Utilizing the N-FINDR algorithm, five independent
endmember spectra were extracted from water diversion
tunnel area I, as presented in Fig. 11(a1). These spectra
spanned the short-wave infrared (SWIR) band from 2003
to 2395 nm, exhibiting significant spectral divergence at
the diagnostic wavelengths of 2319 and 2338 nm. Endmem-
bers A, C, and E displayed the characteristic absorption
features of calcite minerals at 2338 nm (reflectance >0.1)

Fig 11. (

with analogous spectral morphologies (McCormick et al.,
2021). Consequently, they were consolidated into endmem-
ber 1 during spectral optimization, as shown in Fig. 11(a2).
Endmember B demonstrated a distinct absorption feature
at 2319 nm, indicative of dolomite (Kurz et al., 2022). End-
member D exhibited a uniformly low reflectance (<0.1)
with minimal absorption at 2338 nm. Following spectral
merging and refinement (Fig. 11(a2)), the five initial end-
members were optimized to three core endmembers
exhibiting diagnostic features at 2338 nm (endmember 1),

ntinued)

In area III, four endmember spectra were obtained
(Fig. 11(c1)), spanning 2252–2395 nm. Distinct features
appear at 2328 and 2338 nm. Endmembers B and C, both
with calcite absorption at 2338 nm (reflectance >0.1), were
merged as endmember 1 (Fig. 11(c2)). Endmember A
showed dolomite-specific absorption at 2328 nm, and end-
member D had a uniformly low reflectance (<0.1) with
minimal absorption at 2338 nm. The optimization yielded
three endmembers with absorptions at 2338 nm (endmem-
ber 1), 2328 nm (endmember 2), and 2338 nm (endmember
3). The reflectance of endmember 1 exceeded 0.2, whereas
that of endmember 3 remained below 0.1, likely due to illu-

In area IV, five endmember spectra were extracted

were observed at 2319 and 2338 nm. Endmembers B, D, and
F, all with calcite absorption at 2338 nm (reflectance >0.1),
were merged as endmember 1 (Fig. 11(d2)). Endmember C
exhibited dolomite absorption at 2319 nm, and endmember
A showed minimal variation with negligible absorption at
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3.4 Evaluation of inversion accuracy

To verify the reliability of the endmember extraction
and mixed decomposition, we reconstructed the original
hyperspectral data based on a linear mixed model and
quantified the inversion accuracy using both RMSE and

SAM metrics. The experimental results (Table 4) indicate
that the RMSE of the diversion tunnel areas I, II, and
III was as low as 0.009 500, 0.011 858, and 0.006 600,
respectively. The mean SAM values were 0.0409, 0.0449,
and 0.0539 rad, respectively, verifying the effectiveness of
the linear mixed model and endmember spectral library

Fig. 12. Results of spatial distribution inversion of mineral abundance. (a
diversion tunnel area III, and (d) water diversion tunnel area IV.



in homogeneous terrain scenes. In area IV, the RMSE and
SAM values increased to 0.052 600 and 0.0859 rad, respec-

complete spectral consistency (Fig. 13(b1)–(b3)). In area

geometry (Bodrito et al., 2021; Chang et al., 2017), rely
on local convolution or low-rank priors (He et al., 2020),
and ignore long-range spatial-spectral correlations (Xiong
et al., 2022), the proposed approach suppresses multi-

matching to mineral absorption peaks (e.g., Fe at

Fig 12. (continued)
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tively, indicating a certain accuracy gap in the complex
mixed region.

Figure 13 compares the spectral reconstructions of ran-
dom pixels across different regions. In area I, pixel (109,
161) shows a reflectance deviation <0.05, at bands 35–40,
whereas pixel (880, 216) has a maximum deviation of
0.016 at bands 30–40. The spectra of the pixel (786, 110)
almost completely overlapped (Fig. 13(a1)–(a3)). In area
II, pixel (250, 349) exhibits high-frequency oscillations,
with a reflectance shift at bands 30–35 that increased the
SAM, likely due to shadow-induced bias in endmember
abundance estimation. Pixel (829, 355) shows a deviation
<0.007 at bands 10–26, and pixel (822 299) exhibits near-

III, pixels (633, 252), (601, 215), and (691, 200) display min-
imal deviations across all wavelengths, indicating effective
unmixing (Fig. 13(c1)–(c3)). In area IV, the three sampled
pixels show noticeable spectral shifts, but the positions of
the diagnostic troughs remain unchanged (Fig. 13(d1)–
(d3)).

4 Discussion

This study presents an innovative hyperspectral imaging
methodology for the remote sensing detection of geological
conditions in underground tunnel environments. To

address extreme low-light, non-uniform radiation, and dust
interference in tunnels, this study integrates SSRT denois-
ing into hyperspectral image processing. Compared with
conventional methods that overlook hyperspectral cube

Table 4
Evaluation of inversion accuracy of spectral reconstruction in different
regions.

Evaluation object RMSE SAM (rad)

Water diversion tunnel area I 0.009 500 0.0409
Water diversion tunnel area II 0.011858 0.0449
Water diversion tunnel area III 0.006 600 0.0539
Water diversion tunnel area IV 0.052 600 0.0859

source mixed noise, preserves diagnostic mineral spectral
features, and improves long-distance imaging, providing a
robust basis for high-precision mineral inversion in com-
plex geology. Building on mixed-pixel decomposition the-
ory, an in situ semi-quantitative inversion model was
developed to overcome the subjectivity and off-site limita-
tions of visual geological identification (a comparison of
various methods is provided in Table 5) (Xu et al.,
2025a) and advance beyond the qualitative spectral-
library matching methods commonly used in prior work
(Akgül & Ural, 2024; Govil et al., 2018; Okada et al.,
2020).

Under static illumination, multi-angle light superposi-
tion causes (i) specular reflection from non-Lambertian
surfaces, producing coexisting overexposure and shadows
(Fig. 14(a)), and (ii) radiance heterogeneity from the sur-
face roughness, with overlapping illumination and edge
shadows (Fig. 14(b)) (Meng et al., 2024). Hyperspectral
denoising mitigates these effects but fails in ultralow-
reflectance areas, highlighting the need for improved acqui-
sition. Future directions include a line-scan narrowband
source synchronized with push-broom imaging, band-

3+

650 nm, Al-OH at 2200 nm), polarization modulation to
suppress reflections, and thermal-radiation correction (Jia
et al., 2019). Inertial compensation and compact layouts
are recommended for confined spaces.

A tunnel-specific radiation transfer model that incorpo-
rates rock roughness, incidence angle, and dust scattering is
required to support denoising and inversion. Based on the



S. Li et al. / Underground Space 27 (2026) 301–320 317

Fig. 13. Spectral differences between random points in different regions and locations. (a1) Water diversion tunnel area I random point (109, 161), (a2)
water diversion tunnel area I random point (880, 216), (a3) water diversion tunnel area I random point (786, 110), (b1) water diversion tunnel area II
random point (250, 349), (b2) water diversion tunnel area II random point (829, 355), (b3) water diversion tunnel area II random point (822, 299), (c1)
water diversion tunnel area III random point (633, 252), (c2) water diversion tunnel area III random point (601, 215), (c3) water diversion tunnel area III
random point (691, 200), (d1) water diversion tunnel area IV random point (299, 164), (d2) water diversion tunnel area IV random point (427, 39), and (d3)
water diversion tunnel area IV random point (245, 236).



ter linkage model can further extend hyperspectral applica-

using subsurface imaging hyperspectral technology to
establish a novel method for mineral mapping in tunnels.
The main conclusions are as follows.

within the U-Net architecture. This framework effec-
tively captures crossband spectral correlations and

(2)

provided realistic samples for validating spectral

(3)

tified the wall-rock mineral abundances, enabling the
rapid identification of mineral assemblages. The spec-

on
study)
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y
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abundance results, a mineral–fracture–mechanical parame-
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Table 5
Comparison of this method with traditional mineral identification methods.

Comparison dimensi Macroscopic geological
identification (visual
observation)

Laboratory analysis (XRD, microscopic
analysis)

Hyperspectral imaging technology (this

Sample collection followed by laborator
analysis

Detection mode Field identification relying o
human experience

In situ, non-destructive testing

Highly influenced by subjecti
experience

Analysis efficiency Single sample preparation (grinding/thi
sectioning), total analysis time ≥20 min

Single scan covering 1 m2 takes ≥5 min

Quantitative capabilit Only qualitative description
possible, cannot be quantifie

Quantitative analysis possible, dependen
on standard sample fitting

Based on pixel decomposition, outputs
mineral abundance (0–1 quantitative values)

Limited spatial information
with low accuracy and high
subjectivity

Area-based imaging directly producing two-
dimensional maps of mineral type and
abundance

Spatial information Single-point or single-sample analysis;
discrete data lacking spatial continuity

Engineering adaptabi y Limited applicability; feasibl
during construction breaks b
relies entirely on manual
judgement

High adaptability; enables in situ rapid
detection compatible with the ‘‘excavate-and-
test-simultaneously” requirements of tunnel
construction

Poor adaptability; necessitates
construction interruption for sampling;
laboratory workflow incompatible with
rapid excavation

Fig. 14. Challenges of in situ acquisition of hyperspectral images in tunnels. (a) Uneven illumination, and (b) uneven surface.

tions to rock mechanics assessments.

5 Conclusions

In this study, in situ tunnel detection was implemented

(1) To address hyperspectral image degradation from
challenging tunnel conditions (low illumination and
dust interference), we introduced an integrated SSRT

nonlocal spatial dependencies, significantly enhanc-
ing the signal-to-noise ratio and spectral fidelity of
denoised tunnel hyperspectral imagery.
A Dirichlet distribution-based mixed-pixel simulation
approach was developed to replicate the spectral
mixing phenomenon in tunnels. The generated virtual
spectra with diverse abundance distributions

unmixing algorithms under complex compositional
scenarios.
Endmember minerals were extracted using the
N-FINDR algorithm to identify the spectrally pure
pixels and clarify the diagnostic absorption features
at the tunnel faces. Subsequent FCLS inversion quan-
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