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Highlights

What are the main findings?

• UAV hyperspectral imagery captured fine-scale spatial variations in optical character-
istics across three cascaded alpine karst lakes.

• CIE L*a*b* color metrics and ∆E quantified differences in lake color patterns and spatial
optical heterogeneity.

• A tiered K-means clustering framework revealed optical patterns among lakes and
within individual lakes while reducing inter-lake masking effects.

• Optical proxies revealed distinct spectral patterns associated with variations in bottom
influence and water-column contributions.

What are the implications of the main findings?

• The proposed framework allows non-invasive assessment of optical heterogeneity in
protected alpine lake systems where field measurements are limited.

• UAV hyperspectral mapping can provide a high-resolution spatial baseline for future
investigations of lake optical changes.

• The framework may be applicable to other shallow-water systems with strong spatial
variations in optical conditions.

Abstract

Alpine karst lakes in Jiuzhaigou exhibit spatial variations in optical properties associated
with differences in water depth, underwater substrates, and travertine distribution. Con-
ventional satellite observations may not provide sufficient spatial resolution to resolve the
small-scale optical variations present in these shallow and heterogeneous lakes. In this
study, UAV-based hyperspectral imagery was used to quantify spatial optical variations
among three representative cascade lakes located in the “Y-shaped” valley network of
Jiuzhaigou, China. Hyperspectral reflectance data were transformed into the CIE L*a*b*
color space to quantify perceptual color variability, while the Euclidean color difference
metric (∆E) was used to assess relative spatial heterogeneity. In addition, seven empirical
optical proxies were developed to describe spatial variations in apparent optical proper-
ties without attempting absolute retrieval of water constituents. A tiered unsupervised
K-means clustering approach was applied to resolve optical heterogeneity across multiple
spatial scales. Global-scale clustering separated the major optical differences among lakes,
whereas lake-specific clustering revealed distinct intra-lake optical zones, including areas
with stronger benthic influence, transitional optical conditions, and zones dominated by
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water-column signals. Non-parametric Kruskal–Wallis H tests showed significant differ-
ences among optical zones, indicating that the selected proxies can distinguish spatial
optical variability. The results show that UAV hyperspectral observations combined with
color metrics and empirical optical proxies can effectively describe fine-scale spatial op-
tical variations in alpine karst lakes. Rather than retrieving absolute biogeochemical or
bathymetric parameters, this approach provides a reference description of relative optical
variability that may assist future repeated observations and spatial monitoring of protected
aquatic ecosystems.

Keywords: alpine karst lakes; UAV hyperspectral; spatial optical heterogeneity; CIE L*a*b*
color space; empirical proxies; tiered clustering

1. Introduction
Alpine karst lake systems, such as the cascaded network in Jiuzhaigou National

Nature Reserve, China, are highly sensitive hydrological environments characterized by
ultra-transparent waters and structurally complex subaqueous travertine (CaCO3) geomor-
phology [1,2]. Traditionally, “lake color” in such systems has been investigated either as
an aesthetic feature or as a proxy for water-quality constituents [3] (e.g., phytoplankton,
suspended sediments, and CDOM) derived from apparent optical properties (AOPs) [4–8].
However, surface water color is intrinsically transient and highly susceptible to short-term
biogeochemical fluctuations [9,10]. Therefore, establishing spatial baselines of optical vari-
ability provides an important foundation for future ecosystem assessment and long-term
monitoring of these sensitive systems. Specifically, the spatial distribution of shallow
travertine shoals versus deep-water basins fundamentally regulates hydrodynamic connec-
tivity, longitudinal material transport, and benthic habitat integrity within these cascaded
networks [11,12]. Detecting temporal deviations from these spatial optical patterns, par-
ticularly following extreme events such as the 2017 Jiuzhaigou earthquake or ongoing
hydrological changes, remains a methodological challenge [13–15]. Furthermore, con-
ventional optical remote sensing approaches heavily rely on empirical or semi-analytical
bio-optical models that require synchronized in situ bathymetric or biogeochemical data for
absolute physical inversion and calibration [16]. In the absence of such ground-truth data,
traditional concentration-retrieval models are rendered largely inapplicable, necessitating a
paradigm shift toward non-invasive methodologies [17,18].

Unmanned aerial vehicle (UAV)-based hyperspectral remote sensing, with centimeter-
level spatial resolution and continuous spectral coverage, offers a powerful, non-invasive
tool to capture fine-scale optical heterogeneity [19–23]. Compared with satellite imagery,
UAV surveys can resolve subtle spatial gradients associated with benthic substrates, water
depth, and localized optical conditions [24]. Nevertheless, UAV-based approaches are
constrained by limited spatial coverage, sensitivity to illumination and weather conditions,
and substantial preprocessing requirements for hyperspectral calibration and orthomosaic
generation. In addition, many existing remote sensing frameworks are generally developed
using global classification or clustering strategies applied across entire aquatic systems. In
heterogeneous systems, large inter-lake optical baseline differences—such as the contrast
between groundwater-fed, hyper-reflective shallow pools and deep, attenuation-dominated
basins—may obscure localized intra-lake features, reducing the effectiveness of global-only
analyses [10,25,26].

To overcome these methodological bottlenecks, this study proposes a novel, non-
invasive analytical framework that shifts from absolute constituent inversion to relative,
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multi-scale spatial heterogeneity characterization [3,27]. Using UAV-based hyperspectral
imagery from a representative cascaded lake system in Jiuzhaigou, we developed a tiered
(global and lake-specific) unsupervised spatial clustering framework. Crucially, this frame-
work couples the quantitative perceptual CIE L*a*b* color space with customized, empirical
optical proxies designed for multi-scale characterization of optical variability [28–30]. The
specific objectives of this study are as follows:

(1) Formulate non-invasive hyperspectral proxies and integrate them with CIELAB col-
orimetric parameters to characterize relative spatial optical heterogeneity associated
with benthic substrates and water-column properties without requiring synchronous
in situ calibration for absolute constituent retrieval [31–33];

(2) Implement a tiered K-Means clustering strategy to mitigate the macro-scale masking
effect and optical water types (OWTs) defined within the clustering framework [34];

(3) Statistically evaluate the robustness and scale-dependent applicability of the pro-
posed proxies for characterizing spatial optical heterogeneity in alpine karst cascade
lakes [35].

2. Study Area Overview and Data Sources
2.1. Overview of Representative Lakes in Jiuzhaigou

To investigate spatial variability in lake color and optical heterogeneity, three represen-
tative lakes—Five Colored Pool, Five Flower Lake, and the Shuzheng Lakes—were selected
from more than 100 lakes within the Jiuzhaigou basin. These lakes were chosen because
they represent distinct hydrological, geomorphological, and optical conditions within the
alpine karst lake network. Specifically, Five Colored Pool is a small groundwater-fed lake
characterized by exceptionally high-water clarity and extensive shallow travertine expo-
sure; Five Flower Lake represents a transitional lake with diverse benthic substrates and
pronounced color variability; and the Shuzheng Lakes comprise the largest downstream
lake group, characterized by greater water depth and more complex optical conditions.
Together, these lakes capture a broad range of water clarity, benthic substrate composition,
lake morphology, and hydrological connectivity observed across the Jiuzhaigou cascade
system. Figure 1 illustrates the locations of the study lakes within the Jiuzhaigou alpine
karst basin, the Y-shaped valley network connecting the lakes, and the elevation gradient
across the basin. Therefore, the selected lakes provide a representative natural gradient for
evaluating both inter-lake and intra-lake optical variability.

Five Colored Pool, located in the Zechawa Valley at an elevation of 3010 m, is a small
but highly dynamic oligotrophic lake, approximately 100 m in length, 60 m in width, and
6.6 m in maximum depth, with a storage volume of about 40,000 m3. Its water is primarily
supplied by inflows from Long Lake and exhibits pronounced seasonal variability driven
by precipitation. Lake color variability in Five Colored Pool is mainly controlled by water
depth, lakebed geomorphology, and interactions among solar radiation, travertine deposits,
and benthic biological components.

Five Flower Lake, situated in the Rize Valley at an elevation of 2472 m, measures
approximately 450 m in length and 227–313 m in width, with water depths ranging from
3.8 to 12 m (average depth 6 m) and a storage volume of about 600,000 m3. The lake experi-
ences moderate water-level fluctuations and displays pronounced spatial heterogeneity
in optical properties, primarily driven by calcium carbonate deposition, benthic algal
distribution, and submerged vegetation patterns.

The Shuzheng Lakes, located in the Shuzheng Valley at elevations between 2187 and
2280 m, consist of 19 interconnected lakes with surface areas ranging from 24 × 10 m2 to
210 × 40 m2 and water depths of 1.5–16.2 m. The total lake area is approximately 50,000 m2.
These lakes represent downstream environments where hydrodynamic mixing and sed-
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iment accumulation lead to relatively homogeneous blue–green optical characteristics
(content sourced from “Research Report on Determining the Sedimentary Environment and
Water Cycle System Patterns, Establishing Monitoring Systems, and Applying Landscape
Conservation Technologies in the Core Scenic Areas of Jiuzhai-Huanglong”).

Figure 1. Location, topographic context, and spatial configuration of the study area in Jiuzhaigou
National Park, southwestern China. (a) Geographic location of Jiuzhaigou National Park within
China and regional context. (b) Basin-scale topographic and hydrological structure of the three
cascade lake valleys (Zechawa Valley, Rize Valley, and Shuzheng Valley), showing elevation gradients
and valley connectivity. (c) Detailed spatial distribution of the investigated lake systems, including
Five Colored Pool, Five Flower Lake, and the Shuzheng Lakes cluster, showing relative elevation
differences and lake-scale spatial characteristics.

2.2. Data Acquisition and Preprocessing

To characterize the multi-scale optical heterogeneity of cascaded alpine karst lakes
without disturbing the strictly protected environment, non-invasive UAV hyperspectral
surveys were conducted on 28 May 2025 under clear-sky and low-wind conditions to
minimize atmospheric and illumination variability.

Data acquisition was performed using a DJI Matrice 350 RTK platform equipped with
a GaiaSky-mini3-VN hyperspectral imaging system. The sensor records continuous spectral
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information across the 400–1000 nm visible-to-near-infrared range with 224 spectral bands
and an average spectral resolution of approximately 5 nm. UAV flights were conducted
at a constant altitude of 100 m above ground level with 60% forward and side overlap
to ensure sufficient spatial redundancy for subsequent orthomosaic reconstruction and
geometric stability.

UAV hyperspectral data were preprocessed using standard radiometric and geometric
correction workflows commonly applied in hyperspectral remote sensing. The processing
chain included conversion of raw digital numbers (DN) to at-sensor radiance, radiometric
calibration, and orthorectification based on onboard GNSS/IMU positioning and flight
geometry information.

Atmospheric correction was performed using the empirical line method (ELM) with
representative surface reflectance reference targets deployed within the study area during
the UAV campaign. This procedure establishes a site-specific linear relationship between
at-sensor radiance and known reference reflectance values, enabling conversion to remote
sensing reflectance (Rrs) under the assumption of spatially uniform atmospheric conditions
during the acquisition period. These reference targets were used solely for radiometric nor-
malization and atmospheric correction purposes and were not involved in biogeochemical
calibration, bathymetric validation, or the establishment of empirical inversion models.

The resulting reflectance products were mosaicked and geometrically harmonized
to ensure spatial consistency across flight strips prior to analysis. Given the complex to-
pographic and atmospheric conditions in alpine karst environments and the absence of
synchronized atmospheric profile measurements, physically based radiative transfer mod-
eling was not applied. Potential residual uncertainties related to bidirectional reflectance
effects over heterogeneous travertine substrates were considered inherent limitations of
UAV observations in mountainous environments, but are expected to have limited influence
on relative spatial comparisons within the same acquisition period. Therefore, the derived
reflectance products are interpreted as relative surface reflectance, suitable for comparative
analysis of spatial optical heterogeneity rather than absolute biogeochemical inversion.

Water-body extraction was performed using the Normalized Difference Water Index
(NDWI) in QGIS, followed by manual refinement in ENVI 5.6 to remove non-water features
such as vegetation, exposed carbonate substrates, and shadowed areas. This combined
automated–manual procedure ensures consistent delineation of water pixels across all
lakes. The resulting water masks were applied to isolate valid water pixels for subsequent
analysis.

Finally, spectral bands affected by noise at the extreme edges of the sensor range were
removed prior to analysis, and the cleaned dataset was transformed into CIELAB space for
subsequent statistical analysis and derivation of optical proxies.

3. Research Methods
To investigate the high-resolution spatial heterogeneity of lake color, this method-

ological framework bridges remote sensing reflectance (Rrs) with the CIE L*a*b* color
space [34,35] to objectively parameterize human-perceived optical variations (Figure 2).
Furthermore, a set of empirical hyperspectral indices, supported by sensitivity analysis,
was designed to capture the distinct optical signatures of shallow karst waters. By inte-
grating these perceptual metrics and spectral indices with K-Means clustering, this study
mapped the spatial patterns, gradients, and localized anomalies of optical proxies across
the three representative lakes. The workflow illustrated in Figure 2 summarizes the entire
process, including UAV data acquisition, reflectance preprocessing (radiometric calibration,
atmospheric correction, orthomosaic generation, and water-body extraction), CIE L*a*b*
transformation, index calculation, and cluster-based spatial analysis. Ultimately, this ap-
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proach avoids absolute quantitative retrievals of water constituents without in situ data,
focusing instead on a robust spatial characterization that reflects the influence of distinct
valley environments and hydrological connectivity on lake optical properties.

Figure 2. Workflow of the study illustrating high-resolution UAV hyperspectral data processing and
spatial optical heterogeneity characterization in alpine karst lakes, including perceptual (CIELAB)
and spectral analyses, optical clustering, and limitations.

3.1. Mathematical Derivation and Spatial Characterization Using CIE L*a*b* Color Space

To spatially characterize the optical properties of Jiuzhaigou lakes without relying
on strict empirical retrievals of water quality parameters, this study employed the CIE
L*a*b* (CIELAB) uniform color space [32,36–38]. Although originally derived to represent
human visual perception, in aquatic remote sensing, CIELAB metrics can be strictly derived
from Apparent Optical Properties (AOPs), specifically the remote sensing reflectance
(Rrs) [39]. The quantitative dimensions, ranges, and specific hydrological significances
of these derived colorimetric indices are systematically summarized in Table 1. This
mathematical linkage ensures that the derived color parameters objectively represent the
integrated spectral response of the aquatic system in the visible domain [40].

Table 1. Quantitative meaning of L*a*b* and ∆E indices.

Index Dimension Range Hydrological/Water-Optical Significance

L* Lightness 0 (pure black) to
100 (ideal white)

Reflects water transparency and illumination intensity. Higher L* values
typically indicate clear water with high transparency or strong surface
reflectance.

a* Red–Green Axis Negative (green) to
positive (red)

Indicates the presence of algae or aquatic vegetation (negative) or reddish
suspended particles (positive). In pristine lakes, a* tends to be near zero or
slightly negative.

b* Yellow–Blue Axis Negative (blue) to
positive (yellow)

Represents blue-light scattering (negative) or the concentration of yellow
substances such as DOM or suspended sediments. In Jiuzhaigou’s clear
lakes, b* values are typically negative (deep blue).

∆E Total Color
Difference ≥0

Measures spatial heterogeneity in lake color. Larger ∆E values indicate
greater color deviation from the mean, reflecting stronger spatial
variability.
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(1) Calculation of CIE XYZ Tristimulus Values from Hyperspectral Data [41,42]
The conversion of hyperspectral remote sensing reflectance, Rrs(λ), into CIE XYZ

tristimulus values is a fundamental integration process in colorimetry. In practical com-
putational implementations, given the discrete nature of hyperspectral sampling, the
integrations are approximated using Riemann sums with a wavelength interval ∆λ, which
corresponds to the spectral sampling interval of the hyperspectral sensor:

X ≈ k∑
λ

R(λ)S(λ)x(λ)∆λ

Y ≈ k∑
λ

R(λ)S(λ)y(λ)∆λ

Z ≈ k∑
λ

R(λ)S(λ)z(λ)∆λ

where
R(λ) represents the spectral reflectance of the sample at wavelength λ.
S(λ) denotes the relative spectral power distribution (SPD) of the standard illuminant.

We selected the CIE standard illuminant D65 to match the wide-field observation conditions
of natural water bodies.

x(λ), y(λ), z(λ) are the CIE Standard Observer color matching functions (CMFs).
k is a normalization constant, ensuring that Y = 100 for a perfectly reflecting

diffuser (PRD):

k =
100∫

λS(λ)y(λ)d(λ)

(2) Conversion from CIE XYZ to CIELAB Color Space [41,43]
The CIELAB color space provides a perceptually uniform representation of color. The

conversion from tristimulus values (X, Y, Z) to CIELAB coordinates (L*, a*, b*) is dependent
on the reference white point (Xn, Yn, Zn). In this study, the CIE 1964 10◦ Standard Observer
white point for D65 was utilized: (Xn = 94.811, Yn = 100.000, Zn = 107.304) [44].

The conversion formulas are as follows:

L∗ = 116 · f
(

Y
Yn

)
− 16

a∗ = 500
(

f
(

X
Xn

)
− f

(
Y
Yn

))
b∗ = 200

(
f
(

Y
Yn

)
− f

(
Z
Zn

))
where

L*: Lightness, ranging from 0 (black) to 100 (diffuse white).
a*: Green–red axis (negative values indicate green; positive values indicate red).
b*: Blue–yellow axis (negative values indicate blue; positive values indicate yellow).
(X, Y, Z): Sample tristimulus values.
(Xn, Yn, Zn): Tristimulus values of the reference white point.
Rather than directly retrieving specific constituent concentrations, these chromatic

coordinates serve as robust optical proxies for the relative distribution of optically active
constituents (OACs). Given the highly transparent and shallow nature of the studied karst
lakes, it is important to note that these parameters represent an integrated apparent optical
response combining both water column scattering/absorption and benthic reflectance.

The non-linear transformation function f (t) is intended to account for the human
visual system’s response to different luminance levels:
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f (t) =

{
3
√

t, t > δ3

1
3 δ−2t + 4

29 , t ≤ δ3

where the constant δ = 6
29 ≈ 0.206897. Consequently, the threshold δ3 ≈ 0.008856 and the

linear slope 1
3 δ−2 ≈ 7.787.

(3) Reference Color Selection and Spatial Color Difference [41,45]
To evaluate the spatial color consistency of the hyperspectral imagery, the spatial

average color of the target area was defined as the reference color.
The reference coordinates

(
L∗, a∗, b

∗)
were derived from the mean reflectance spec-

trum R(λ) across all N pixels:

R(λ) =
1
N

N

∑
i=1

Ri(λ)

Finally, the color difference
(
∆E∗

ab
)

for each pixel j was calculated using the CIE 1976
formula relative to this spatial average reference:

∆E∗
ab,j =

√(
L∗

j − L∗)2
+

(
a∗j − a∗

)2
+

(
b∗j − b

∗)2

This metric quantifies the optical deviation of each pixel from the representative color
of the scene. A lower ∆E indicates higher spatial color homogeneity, while higher values
reflect increased spatial color variability and localized anomalies [32,46]. To ensure the
robustness of this calculation and mitigate interference from specular reflection, regions
exhibiting neutral chromaticity (where color saturation approaches zero) were strictly
masked out prior to evaluation. Because hyperspectral imagery contains a massive number
of pixels, analyzing the entire population can lead to severe spatial autocorrelation and
redundant computations. Therefore, a spatially stratified random sampling approach was
applied. To ensure statistical rigor, preliminary sample size sensitivity tests were conducted
in two sequential phases (see Supplementary Section S1). First, an optimization phase
evaluated varying sample sizes, determining that extracting 10,000 valid pixels optimally
balances computational efficiency with the preservation of intrinsic spatial variance. Second,
a stability phase involved repeated random sampling of the 10,000-pixel subset, which
confirmed the statistical consistency and robustness of the extracted color distribution
features. Consequently, 10,000 valid pixels were selected from the CIELAB raster for each
lake. These representative samples were subsequently utilized for K-Means clustering and
statistical comparisons using the Kruskal–Wallis test.

3.2. Customized Spectral Indices and Sensitivity Analysis

(1) Physical Justification and Index Formulation
In highly transparent alpine karst lakes, standard aquatic remote sensing indices (e.g.,

traditional NDWI) often underperform because the optical signal is heavily dominated by
benthic (bottom) reflectance and unique mineral-algal interactions [5,47–49]. To accurately
capture the localized spatial optical heterogeneity within these specific environments, a set
of customized hyperspectral indices was empirically developed (Table 2).

Rather than aiming for absolute quantitative retrievals of water constituents—which
requires synchronous in situ sampling—these indices were designed as optical proxies.
They were formulated based on the distinct spectral absorption troughs and reflectance
peaks observed in the UAV hyperspectral data cubes. The band selection principles
(Table 3) align with established aquatic optics literature [50], capitalizing on the high
spectral resolution to isolate specific apparent optical property (AOP) variations.
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Table 2. Spectral indices.

Category Index Formula Optical Proxy Target & Hydrological
Significance

Macroscopic Water-Optical
Indicators

Water Penetration Depth
Proxy Index (WPDI) WPDI = Rrs(λGreen1)

Rrs(λRed3)

Optical proxy reflecting light attenuation
patterns, capturing combined effects of water
constituents and depth on perceived light
penetration; serves as a spatial indicator of
water transparency.

Scattering (Reflective) Sources

Suspended Calcium
Carbonate Index (SCCI) SCCI = Rrs(λBlue4)

Rrs(λGreen2)+Rrs(λRed1)

Optical proxy sensitive to scattering by
suspended carbonate particles; highlights
spatial variability associated with particle
backscattering in shallow lakes.

Travertine (Calcium
Carbonate Precipitation)
Index (CI)

CI = Rrs(λBlue3)
Rrs(λRed2)

Optical proxy reflecting shallow benthic
travertine distribution; indicates zones with
high bottom reflectance due to carbonate-rich
substrates.

Sediment Deposition
Index (SI) SI = Rrs(λRed2)

Rrs(λGreen1)

Optical proxy sensitive to substrate types and
deposition patterns; highlights areas with
particle accumulation affecting optical
response.

Absorptive Sources

Phytoplankton-related
Optical Proxy Index (PPI) PPI = Rrs(λRed6)

Rrs(λRed3)

Optical proxy capturing spatial variability of
algal pigments; maps relative optical response
without implying absolute biomass or trophic
state.

Benthic Algae Spatial
Index (BAI) BAI = Rrs(λRed5)−Rrs(λRed3)

Rrs(λBlue5)

Optical proxy sensitive to benthic algal cover;
reflects localized variations in bottom color
tones due to submerged vegetation.

CDOM Absorption Proxy
Index (CDOMI) CDOMI = Rrs(λGreen1)

Rrs(λBlue1)+Rrs(λBlue2)

Optical proxy sensitive to colored dissolved
organic matter; highlights spatial variability in
optical absorption related to DOM, without
implying water quality or absolute
concentration.

Table 3. Spectral indices band selection.

Band
Identifier Sensor Band Wavelength

(nm) Spectral Region Spectral Feature Highlight
(Empirical Tuning Basis)

λBlue1 Band 6 410.76 Violet/Short-blue Targets the exponential absorption tail of Colored Dissolved Organic Matter (CDOM),
serving as a sensitive baseline for separating organic absorption from scattering signals.

λBlue2 Band 17 439.63 Deep blue Captures the blue absorption feature of chlorophyll-a and other photosynthetic pigments;
also represents a region of high water penetration depth in ultra-clear karst waters.λBlue3 Band 21 450.16 Deep blue

λBlue4 Band 32 479.18 Blue-green Serves as a transitional hinge zone. Exhibits balanced water penetration and is highly
sensitive to shifts in benthic color tones and early signs of suspended particle scattering.λBlue5 Band 36 489.77 Blue-green

λGreen1 Band 59 550.91 Green Aligns with the minimum absorption of algal pigments and the primary reflectance peak
caused by the strong backscattering of suspended calcium carbonate (travertine)
particles and inorganic sediments.λGreen2 Band 62 558.92 Green

λRed1 Band 89 631.39 Red

Targets the secondary absorption maximum of chlorophyll-a (near 670 nm). Due to the
rapid increase in pure water absorption in this region, these bands are crucial for isolating
shallow benthic signals and surface suspended matter from deeper water interference.

λRed2 Band 101 663.82 Red

λRed3 Band 103 669.23 Red

λRed4 Band 107 680.08 Red

λRed5 Band 114 699.09 Red-edge Captures the characteristic reflectance peak (red-edge) induced by algal cell structures.
Extremely high pure water attenuation in this region ensures the signal purely reflects
near-surface optical anomalies or emergent aquatic vegetation.λRed6 Band 118 709.97 Red-edge/NIR

Specifically, based on the unique spectral absorption troughs and reflectance peaks of
the alpine karst waters, seven customized hyperspectral indices were constructed using
band difference, ratio, and normalized difference formulations [51,52]. The specific defi-
nitions, mathematical formulas, wavelength selections, and the corresponding physical
justifications (optical proxy targets) for all seven customized indices are systematically
summarized in Table 2. The specific wavelengths utilized in the aforementioned empirical
indices were carefully extracted from the UAV hyperspectral data cubes based on their dis-
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tinctive optical scattering and absorption behaviors in karst aquatic environments [53]. The
detailed physical justifications for selecting these specific spectral bands are summarized
in Table 3.

(2) Statistical Validation and Sensitivity Analysis
To quantitatively validate the spatial sensitivity and reliability of the formulated

empirical indices across varying optical regimes, a rigorous statistical framework was
implemented. Given the highly non-normal distributions (e.g., extreme skewness and
bimodality) and inherent heteroscedasticity characteristic of the complex karst optical
environments, traditional parametric tests (e.g., one-way ANOVA) were statistically invalid
for this dataset.

To characterize the distributional characteristics of optical variables, skewness analysis
was performed using two complementary approaches [54]. For CIELAB-derived variables
(L*, a*, b*, and ∆E), conventional moment-based skewness was calculated to describe the
overall asymmetry of pixel distributions [55]. For the customized spectral indices, both
conventional skewness and Bowley skewness were evaluated because these empirical
optical proxies exhibited stronger non-normality and localized extreme values caused by
heterogeneous optical conditions.

Conventional skewness was calculated based on the third standardized moment:

S =
1
n

n

∑
i=1

(
(x i − x)

σ

)3

where S represents the skewness coefficient, n is the number of observations (pixels), xi

denotes the value of the i-th pixel, x represents the sample mean, and σ is the standard
deviation of the distribution. Positive and negative values indicate right- and left-skewed
distributions, respectively.

To reduce the influence of extreme values, Bowley skewness was additionally calcu-
lated based on quartile statistics:

BS =
Q3 + Q1 − 2Q2

Q3 − Q1

where BS is the Bowley skewness coefficient, and Q1, Q2 and Q3 represent the first quartile,
median, and third quartile, respectively.

Positive and negative values indicate right- and left-skewed distributions, respectively.
The use of Bowley skewness provides a robust assessment of distribution asymmetry for
optical indices with strong outlier effect [54,55].

Consequently, the non-parametric Kruskal–Wallis H test was employed as the core
sensitivity analysis method [56,57]. This rank-based test is highly robust to extreme outliers
and unequal variances, making it optimal for evaluating the massive pixel-level hyperspec-
tral datasets. By applying this test, the statistical significance (p-value) and the magnitude
of variance (H-statistic) of the customized indices across the identified Optical Water Types
(Zones A, B, and C) were rigorously assessed [34], thereby confirming their efficacy as
independent optical proxies without relying on absolute biogeochemical calibration.

3.3. Unsupervised Spatial Clustering Analysis

To objectively characterize multidimensional optical heterogeneity in alpine karst
lakes while minimizing subjective interpretation bias, an unsupervised machine learn-
ing framework was employed [34]. Compared with supervised classification approaches,
which require spatially continuous and temporally synchronized in situ reference data, un-
supervised methods are more suitable for optically complex and data-scarce environments
where ground truth observations are limited.

In this study, the K-means clustering algorithm was adopted to partition hyperspectral
pixel populations based on intrinsic feature similarity [58–60]. The input feature space
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consisted of seven normalized spatial optical proxies (Section 3.2), which jointly describe
variations in water color, suspended matter, and benthic influence. Euclidean distance
was used as the similarity metric, and iterative optimization was performed to minimize
within-cluster variance [61,62].

To ensure robustness in clustering configuration, multiple internal validation metrics,
including the silhouette coefficient, Calinski–Harabasz index, and within-cluster sum of
squares (WCSS), were evaluated across a range of k values (k = 2–10) [63,64]. These metrics
were jointly evaluated to assess clustering stability and determine appropriate cluster
configurations across different spatial scales. Based on this multi-metric evaluation and
scale-dependent clustering behavior (Supplementary Section S2), Based on the multi-metric
evaluation framework and the requirement for cross-lake comparability, an intermediate
clustering configuration was adopted for subsequent comparative analysis.

To ensure statistical robustness and computational consistency, a fixed sample size
of N = 10,000 pixels per lake was used for all analyses. This uniform sampling strategy
was adopted to maintain methodological comparability across lakes with differing spatial
extents, rather than to reflect proportional areal representation. A sensitivity analysis
using multiple sample sizes (5000–50,000 pixels) and 100 repeated random samplings was
conducted to evaluate potential sampling-induced variability (Supplementary Section S1).

A two-tier clustering framework was designed to capture scale-dependent optical
heterogeneity. The first tier performs global clustering using pooled data from all lakes to
characterize system-level variability. The second tier performs lake-specific clustering to
resolve intra-lake heterogeneity [8].

It should be noted that the clustering framework is designed as an unsupervised,
data-driven representation of optical heterogeneity and is independent of ecological or
biological classification schemes. The resulting clusters are therefore interpreted as optically
distinct zones rather than ecological units.

For subsequent interpretation, clustering outputs were labeled as three optical zones
according to their relative spectral characteristics: Zone A (high-reflectance shallow or
benthic-influenced areas), Zone B (transitional zones), and Zone C (low-reflectance deep
or attenuation-dominated waters). These labels represent optical gradients rather than
ecological classifications. These zonal representations serve as consistent analytical units
for subsequent spatial heterogeneity analysis and cross-lake comparison within the cascade
lake system.

3.4. Generative Artificial Intelligence Disclosure

During the preparation of this manuscript, the authors used ChatGPT (OpenAI)
solely for language editing, grammatical correction, and improvement of manuscript
readability. The tool was not used for data generation, data processing, methodological
design, statistical analysis, interpretation of results, or formulation of scientific conclusions.
All AI-assisted text was carefully reviewed and revised by the authors, who take full
responsibility for the accuracy and integrity of the published content.

4. Results and Analysis
4.1. Spatial Variability of CIELAB Metric

Based on quantitative characterization of lake water color using the CIELAB color
space, spatial distributions of the L*, a*, b* channels were derived for Five Colored Pool,
Five Flower Lake, and the largest lake within the Shuzheng Lakes (Figure 3). These maps
revealed clear differences in lightness and chromaticity patterns. In aquatic optics, these
colorimetric dimensions abstract distinct radiative transfer processes: the L* channel cap-
tures variations in water clarity and bottom albedo, whereas the a* and b* axes trace the
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competitive balance between absorptive constituents (e.g., pigments and organic matter)
and scattering sources. Five Colored Pool showed relatively uniform spatial patterns with
limited variation, consistent with its relatively consistent shallow depth and widespread
benthic travertine coverage. In contrast, Five Flower Lake exhibited more complex spatial
structures, with noticeable variations across the lake surface, reflecting its intricate un-
derwater geomorphology, including deep subaqueous basins and submerged tree trunks.
The Shuzheng Lakes displayed intermediate characteristics, with relatively stable central
regions but increased variability toward the lake margins.

(a) Five Colored Pool 

(b) Five Flower Lake 

(c) Shuzheng Lakes (the Largest Lake) 

Figure 3. Spatial distribution of CIELAB color components (L*, a*, b*) in the three UAV-surveyed
alpine karst lakes, illustrating relative variations in perceptual color across different lake zones.

The probability density distributions of the L*, a*, and b* channels (Figure 4) reveal
spatial variability in lake color. Five Colored Pool showed narrow, highly leptokurtic
distributions, indicating concentrated pixel values and low spatial heterogeneity. Five
Flower Lake exhibited a right-skewed L* distribution (Conventional skewness = 1.11), with
a primary peak at lower lightness and a long tail toward higher values. This asymmetry cor-
responds to variations between deeper pelagic zones and shallower regions with stronger
benthic reflectance (classified as Zone A). For the Shuzheng Lakes, the L* distribution
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was broader and more strongly right-skewed (Conventional skewness = 1.33), while the
a* and b* channels displayed notable asymmetry (Conventional skewness = −0.49 and
0.55, respectively). The left-skewed tail in a* may reflect localized greening from benthic
algae, and the right-shifted b* suggests variation in yellow–blue chromaticity, potentially
associated with organic matter or fine sediments. Overall, the distributions indicate an
increase in spatial optical heterogeneity from upstream to downstream.

 

Figure 4. Histograms of the CIELAB color channels (L*, a*, b*) for the three UAV-surveyed alpine
karst lakes, showing the frequency distribution of perceptual color values within each lake.

Spatial variations in lake color were further quantified using color difference (∆E)
probability density distributions (Figure 5). According to commonly adopted perceptual
thresholds, ∆E values greater than 3 represent clearly distinguishable color differences.
Notably, nearly the entire valid surface area of all three lakes (98.93%, 99.99%, and 99.81%,
respectively) exceeded this threshold, providing robust quantitative evidence of visually
apparent spatial heterogeneity relative to their respective mean background colors.

The statistical distributions revealed distinct spatial patterns among the lakes. Five
Colored Pool exhibited a slightly left-skewed distribution (Conventional skewness = −0.28)
with a broad range of lower ∆E values and a pronounced secondary peak around ∆E = 25,
resulting in an overall mean of 12.94. In contrast, Five Flower Lake showed the highest
overall color variation (Mean = 18.09, Median = 19.5) and a strongly right-skewed distribu-
tion (Conventional skewness = 1.96). Its density curve was dominated by a sharp primary
peak with an extended tail toward higher ∆E values, quantitatively confirming extreme
spatial heterogeneity.

The Shuzheng Lakes displayed the lowest central tendencies for color difference
(Mean = 9.74, Median = 7.52) but presented a clearly bimodal distribution with moderate
right-skewness (Conventional skewness = 0.52), concentrating into two distinct peaks at
low and moderate ∆E ranges. Overall, the ∆E statistics indicated that the midstream Five
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Flower Lake exhibited the most extreme color divergence, while the downstream Shuzheng
Lakes had the lowest average color deviation yet maintain complex spatial structures,
highlighting non-linear longitudinal patterns of optical variability across the lake cascade.

Figure 5. Probability density distributions of color differences (∆E) for the three study lakes:
(a) Five Colored Pool, (b) Five Flower Lake, and (c) Shuzheng Lakes (the Largest Lake). ∆E represents
pixel-wise color variation relative to the lake mean color. The vertical red line indicates the perceptual
threshold (∆E = 3), with percentages showing the proportion of pixels exceeding this threshold. Blue
dashed and solid black lines denote the median and mean values, respectively. Multi-modal peaks
and skewness indicate localized features with pronounced color variability.

To further quantify pixel-level chromaticity, hexagonal density plots were generated in
the a*–b* color space using randomly sampled pixels from each lake (Figure 6). Pixels from
Five Colored Pool formed a highly compact cluster with minimal dispersion, indicative
of a stable and uniform chromatic baseline. In contrast, Five Flower Lake exhibited a
broader dispersion across the color space, reflecting pronounced optical heterogeneity. The
Shuzheng Lakes displayed an intermediate pattern, with a moderately concentrated cluster.

Figure 6. Hexagonal binning plots showing the distribution of randomly sampled lake pixels in
the CIELAB a*–b* feature space for (a) Five Colored Pool, (b) Five Flower Lake, and (c) Shuzheng
Lakes (the largest lake). For each lake, 10,000 valid water pixels were randomly selected from UAV
hyperspectral imagery. Each hexagonal bin represents the number of pixels distributed within
the corresponding a*–b* feature interval. The color bar indicates pixel counts per hexbin, with
warmer colors representing higher pixel concentrations. These distributions characterize the intrinsic
color-space structure and optical variability of each lake.

To statistically validate these spatial variances, a Kruskal–Wallis H test was applied
to the sampled CIELAB components. The results revealed highly significant differences
among the three lakes for all parameters (L*, a*, and b*; p < 0.001), confirming the distinct
spatial color gradients and structural complexity observed in the density plots.
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4.2. Spatial Distribution and Statistical Variance of Customized Optical Proxies

To further characterize the spatial optical heterogeneity revealed by the CIELAB analy-
sis, three representative optical proxy indices, namely the Carbonate Index (CI), Suspended
Calcium Carbonate Index (SCCI), and Benthic Algae Index (BAI), were selected from the
full index set for detailed investigation. These indices were selected because they capture
complementary optical response characteristics related to carbonate-associated signals,
suspended particle effects, and benthic contributions in alpine karst lakes. Probability
density distributions of the normalized indices were subsequently analyzed to examine
their spatial variability and distribution characteristics (Figure 7). The corresponding distri-
butions of the remaining optical proxy indices are provided in the Supplementary Materials
(Figure S4). To quantitatively describe distribution asymmetry and the influence of extreme
values, both conventional skewness (sensitive to distribution tails) and Bowley skewness
(robust to outliers and representative of the central 50% of the distribution) were calculated.

In the Five Colored Pool, most optical proxies (e.g., CI, BAI, and SI) were tightly
concentrated at extremely low values. A notable feature was the stark contrast between
the two skewness metrics: conventional skewness was generally high (e.g., 3.89 for the
benthic algae proxy), whereas Bowley skewness remained near zero. This indicated that
the majority of the lake body was highly uniform in its optical baseline, while a small
fraction of outlier pixels—likely corresponding to extremely shallow near-shore margins or
localized submerged structures—produced an extended high-value tail. The Suspended
Carbonate Scattering Index (SCCI) was an exception, exhibiting a broader distribution
and higher central tendency (Mean = 0.37), reflecting the pervasive influence of carbonate
equilibrium in this pool.

 
(a) Travertine (Calcium Carbonate Precipitation) Index (CI) 

 
(b) Benthic Algae Spatial Index (BAI) 

Figure 7. Cont.
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(c) Suspended Calcium Carbonate Index (SCCI) 

Figure 7. Comparison of representative optical proxy indices derived from UAV hyperspectral
imagery across the three lake systems. From left to right, the panels correspond to the Five Colored
Pool, Five Flower Lake, and Shuzheng Lakes (the largest lake). These indices characterize relative
optical responses related to carbonate-related environments, suspended carbonate particles, and
benthic influences, respectively.

Five Flower Lake exhibited pronounced statistical heterogeneity, with several indices
showing bimodal or multimodal distributions. Probability density curves for the Water
Penetration Depth Proxy Index (WPDI), and the Travertine Index (CI) displayed clearly
defined dual peaks. This complex spatial structure caused notable fluctuations in quartile
distributions, occasionally driving Bowley skewness negative (e.g., −0.24 for SCCI). These
metrics quantitatively reflect the co-existence of disparate spatial optical regimes, strongly
aligning with the visual transitions between deep absorptive basins and highly reflective
shallow travertine terraces.

In the largest lake of the Shuzheng Lakes, distributions shifted toward either extreme
homogeneity or bulk accumulation. The SCCI exhibited the highest mean (0.51) with a
slightly left-skewed profile, indicating strong longitudinal hydrodynamic mixing. The
phytoplankton pigment proxy (PPI) and travertine indices presented exceptionally sharp,
leptokurtic peaks. The dual skewness metrics further highlighted extreme spatial homog-
enization: for example, the PPI showed near-zero Bowley skewness (0.02), indicating a
uniform core water body, while the conventional skewness (−28.15) reflected isolated
anomalous pixels.

Ultimately, the pronounced differences in statistical distributions and skewness met-
rics across these indices underscore the multi-dimensional complexity of the lakes. To
seamlessly integrate these disparate optical gradients into coherent spatial maps, an unsu-
pervised clustering model was subsequently applied.

4.3. Multi-Scale Optical Clustering and Physical Spectral Validation

To characterize the multidimensional optical heterogeneity of alpine karst lakes, a
tiered unsupervised K-means clustering framework was applied to the combined feature
space of normalized CIE L*a*b* variables and customized optical proxies.

Internal clustering validation metrics (silhouette coefficient, Calinski–Harabasz index,
and within-cluster sum of squares) indicate a scale-dependent clustering behavior (See
Supplementary Section S2). At the global scale, the system exhibits a dominant two-
class structure (k = 2), representing the primary contrast between high-reflectance shallow
travertine environments and low-reflectance deep basin waters. At the lake-specific scale,
more complex clustering structures (k = 3–5) reflect increased intra-lake optical complexity.

To enable consistent cross-lake comparison, an intermediate and standardized con-
figuration of k = 3 was adopted. This setting preserves the dominant global partitioning
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structure while retaining essential intra-lake heterogeneity, allowing balanced representa-
tion across lakes with different optical complexity.

At the global scale (Tier 1), clustering results revealed distinct optical differences
among the three cascade lake systems (Figure 8). The Five Colored Pool was mainly associ-
ated with high-reflectance optical clusters, whereas the Five Flower Lake and Shuzheng
Lakes showed larger proportions of lower-reflectance clusters. This system-level partition-
ing indicates an overall optical gradient along the cascade sequence, reflecting differences
in lake morphology, water depth distribution, and optical conditions among individual
lake systems. However, the global clustering may mask finer-scale variability within each
lake, which was further resolved through lake-specific clustering.

At the lake-specific scale (Tier 2), independent clustering reveals consistent zonation
patterns characterized by a transition from Zone A to Zone C, although with varying
spatial proportions among lakes (Figures 9 and 10). The Five Flower Lake exhibits the
highest intra-lake heterogeneity, whereas the Five Colored Pool shows a more compact
spatial distribution. The spectral characteristics of the identified optical zones were further
analyzed to evaluate their differences in hyperspectral response among the three lake
systems (Figure 11). Across the three lake systems, Zone A showed relatively higher spectral
reflectance, particularly in the visible wavelength range, indicating stronger bottom-related
optical contributions and higher reflectance conditions. Zone C exhibited lower reflectance
with reduced spectral variability, representing optically darker water conditions where
bottom contributions were relatively weakened. Zone B showed intermediate spectral
characteristics between these two optical conditions.

Figure 8. Tier 1 global K-Means clustering results and statistical sensitivity. The top panels illustrate
the spatial configurations of the global OWTs, demonstrating a severe macro-scale “masking effect”
where the high reflectance of Five Colored Pool forces the cascaded downstream lakes primarily into
the deep-water category (Zone C, blue). The bottom panels present global statistical validations using
a selected subset of empirical optical proxies. The extreme inter-lake baseline divergences within each
global zone necessitate the subsequent implementation of localized clustering to unmix intra-lake
geomorphological gradients.
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Figure 9. Spatial mapping of Optical Water Types (OWTs) derived from the Tier 2 localized K-Means
clustering. Independent local K-Means clustering effectively revealed intra-lake optical heterogeneity
that was previously obscured by extreme inter-lake baseline divergences. The localized clustering
identified distinct optical zones, including high-reflectance optical conditions (Zone A, red) with
stronger bottom-related contributions, intermediate optical conditions (Zone B, orange), and low-
reflectance optical conditions (Zone C, blue) characterized by reduced spectral variability. This
dual-scale approach enables hierarchical characterization of optical water types and highlights spatial
patterns of optical heterogeneity across the lake systems.

Figure 10. Intra-lake statistical distributions of selected empirical optical proxies across the localized
OWTs. The 3 × 4 multi-panel localized boxplots (with rows corresponding sequentially to Five
Colored Pool, Five Flower Lake, and the Shuzheng main lake) reveal highly significant (p < 0.001)
spatial delineations among Zone A (red), Zone B (orange), and Zone C (blue). The emergence of
clear monotonic gradients within each discrete lake validates the capability of the Tier 2 localized
clustering to intra-lake distribution of Optical Water Types (OWTs), illustrating localized optical
heterogeneity within each lake, overcoming the limitations of global optical thresholds.
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Figure 11. Mean remote sensing reflectance (Rrs) spectra of the cluster-derived optical zones for
(a) Five Colored Pool, (b) Five Flower Lake, and (c) Shuzheng Lakes (the largest lake). Colored curves
represent Zone A (high-reflectance shallow/benthic-influenced areas), Zone B (transition zones), and
Zone C (low-reflectance deep/attenuation-dominated areas) derived from the clustering framework.
Spectral differences among zones indicate distinct optical responses associated with variations in
water-column attenuation, carbonate particle scattering, and benthic contributions. Vertical dashed
lines indicate the representative wavelengths used for constructing the optical proxy indices.

4.4. Scale-Independent Sensitivity and Statistical Validation

All analyses were conducted using a baseline sample size of N = 10,000 pixels per
lake, selected based on a sampling sensitivity analysis to achieve a balance between com-
putational efficiency and statistical stability (see Supplementary Section S1). To evaluate
potential sampling-induced bias, alternative sample sizes (5000–50,000 pixels per lake) and
100 repeated random sampling iterations were tested. The results demonstrated negligible
variability in CIELAB variables (L*, a*, b*) and ∆E across different sampling configura-
tions, indicating that the extracted samples consistently captured the underlying optical
characteristics of each lake.

Non-parametric Kruskal–Wallis H tests revealed statistically significant differences
(p < 0.001) among optical zones at both global and local scales, confirming the statistical
separability of the identified optical water types (OWTs). The consistent differentiation
patterns across lakes further support the robustness of the proposed optical proxies and
clustering framework under different spatial scales.

Importantly, the sensitivity analysis confirmed that applying an equal sampling size
(N = 10,000 pixels per lake) did not introduce substantial bias associated with differences
in lake surface area. The stable distributional characteristics observed across alternative
sampling sizes indicate that the selected samples represent intrinsic lake-scale optical
variability rather than merely reflecting differences in pixel abundance caused by lake size.

5. Discussion
5.1. Scale-Dependent Optical Heterogeneity of Cascade Lake Systems

The results demonstrate that optical heterogeneity in alpine karst cascade lakes is
inherently scale-dependent, reflecting the coexistence of a dominant inter-lake optical
gradient and more complex intra-lake spatial variability.

At the global scale, clustering analysis reveals a stable binary partitioning structure
(k = 2), which corresponds to the primary optical contrast between high-reflectance shallow
travertine environments and low-reflectance deep basin waters [40]. This first-order sepa-
ration is consistent with large-scale geomorphological and hydrological controls governing
optical conditions across the cascade lake system.

At the lake-specific scale, a more complex clustering structure emerges (k = 3–5),
indicating enhanced intra-lake heterogeneity driven by localized bathymetric variation,
benthic substrate composition, and hydrodynamic processes. These findings indicate that
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optical variability within individual lakes cannot be fully captured by a single system-wide
partitioning scheme.

Importantly, the observed clustering structure is robust across multiple internal vali-
dation metrics and sampling configurations (Supplementary Sections S1 and S2) [34]. No
single universally optimal k value is identified across all scales; instead, the system exhibits
a stable range of admissible solutions, reflecting its intrinsic multi-scale optical organization
rather than algorithmic or sampling artifacts [8].

To ensure methodological consistency and enable cross-lake comparability, a standard-
ized intermediate representation (k = 3) was adopted. This configuration is not interpreted
as an absolute optimum, but as a scale-balanced compromise that preserves the dominant
global binary structure while retaining sufficient sensitivity to intra-lake heterogeneity.

Overall, these findings highlight the importance of explicitly considering spatial
hierarchy when applying unsupervised clustering methods to optically complex aquatic
environments. The identified scale-dependent structure provides a physically interpretable
representation of cascade lake optical organization and establishes a robust methodological
basis for comparative analysis across heterogeneous lake systems.

Although the UAV observations represent a single temporal snapshot, the identified
scale-dependent optical structure reflects the spatial organization observed during the
acquisition period and provides a baseline reference for future multi-temporal monitoring.

5.2. Spectral Interpretation and Shallow-Water Radiative Characteristics

In highly transparent alpine karst aquatic systems, the water column generally exhibits
reduced scattering compared with turbid inland waters, allowing bottom reflectance to
contribute substantially under shallow conditions.

To provide a theoretical basis for interpreting the observed multi-scale optical het-
erogeneity, the Optically Shallow Water (OSW) radiative transfer framework is adopted
as a conceptual reference. In this framework, remote sensing reflectance (Rrs) can be
simplified as

Rrs ≈ R∞ + (Rb − R∞)·e−2KdZ

where R∞ represents the reflectance of optically deep water, Rb is the bottom reflectance,
Kd is the diffuse attenuation coefficient, and Z is water depth [48].

Although in situ measurements of Kd and Z are not available, this formulation provides
a useful conceptual basis for interpreting spatial variations in optical response [65]. In
shallow travertine-dominated areas (Zone A), reduced water depth leads to a stronger
contribution from bottom reflectance. In contrast, in deeper basin areas (Zone C), the
bottom contribution is strongly attenuated, and the optical signal is primarily controlled by
water-column effects [5].

Within this framework, the observed spatial patterns of optical water types (OWTs) can
be interpreted as depth-dependent optical responses shaped by combined water-column
and bottom influences.

5.3. Methodological Implications and Transferability

The results provide insights into how UAV hyperspectral data and unsupervised
clustering can be used to describe optical variability in alpine karst lakes.

Alpine karst lakes in Jiuzhaigou are sensitive aquatic systems in which variations in
hydrological conditions, carbonate processes, sediment dynamics, and benthic environ-
ments can influence optical characteristics [28]. Long-term observations of these lakes are
important for investigating how hydrological and geomorphological processes influence
optical characteristics over time [66].
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A key methodological challenge in optical remote sensing of alpine and protected
aquatic ecosystems is the limited availability of synchronous in situ biogeochemical and
bathymetric measurements [49]. Conventional bio-optical models often require field calibra-
tion, which can be difficult to obtain in protected or remote high-altitude environments [47].

Therefore, this study focuses on describing relative optical variability rather than
retrieving absolute constituent concentrations. Using UAV hyperspectral imagery, empirical
optical proxies were developed to describe spatial variations in water color and optical
conditions without direct in situ calibration.

Although supervised classification and optical water type (OWT) approaches have
been widely applied in aquatic remote sensing, their application to alpine karst cascade
lakes is constrained by limited representative training datasets and the difficulty of transfer-
ring predefined spectral classes to heterogeneous carbonate-dominated environments [60].
In contrast, this study combines empirical optical proxies with unsupervised clustering
to identify continuous spatial variations without requiring labeled samples or predefined
spectral classes.

This approach provides a reference description of spatial optical variability in alpine
karst lakes where frequent field surveys are difficult. By identifying fine-scale optical
gradients and distinct optical zones, this approach helps describe spatial differences related
to hydrological conditions, carbonate features, and ecosystem characteristics.

From a management perspective, the identified optical zones may help managers select
representative areas for future investigation and monitoring while minimizing disturbance
to protected lakes.

Due to its non-invasive nature and limited dependence on field measurements, the
method may provide a useful reference for studying other shallow freshwater systems with
strong spatial optical variability, but its applicability should be further evaluated using
additional datasets.

5.4. Limitations and Future Perspectives

First, the proposed UAV-based empirical proxy framework does not rely on syn-
chronous in situ biogeochemical or bathymetric measurements. Although limited-impact
sampling or autonomous optical monitoring approaches may become feasible under fu-
ture management frameworks, such measurements were not incorporated in the present
study because the primary objective was to develop a non-invasive spatial characteriza-
tion framework that can operate under current conservation constraints. The absence of
such measurements also highlights the capability of UAV hyperspectral observations to
provide preliminary spatial characterization without relying on site-specific calibration.
While this enables application in data-scarce and protected environments, it also limits the
direct conversion of dimensionless optical indices into absolute physical quantities, such
as suspended particulate matter concentration, chlorophyll-a, or precise water depth. As
a result, the present analysis focuses on relative spatial variability rather than absolute
biogeochemical inversion.

Second, the current analysis is based on a single temporal observation, represent-
ing a spatial snapshot of optical conditions during the acquisition period. Given the
strong seasonal variability of alpine karst lake systems, including hydrological fluctuations,
temperature-dependent calcite precipitation, and freeze–thaw processes, the present re-
sults should be interpreted as a high-resolution spatial baseline rather than a complete
representation of long-term dynamics [67]. Future investigations should integrate multi-
temporal UAV observations with complementary satellite observations to quantify seasonal
variations and long-term changes in optical structure.
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Third, although the selected hyperspectral bands and empirical proxies demonstrate
strong sensitivity to the unique optical characteristics of the study area, their direct trans-
ferability to other aquatic systems remains to be further evaluated. Variations in substrate
composition, benthic structure, and water-column optical properties may affect the general-
izability of the derived spectral relationships. Future studies may benefit from integrating
radiative transfer modeling and limited in situ optical measurements to improve physical
interpretability and cross-site robustness [68]. Furthermore, uncertainties associated with
atmospheric variability and bidirectional reflectance effects may influence spectral consis-
tency when extending the framework across different acquisition conditions or landscapes.

Overall, these limitations define the current scope of applicability of the proposed
framework and provide directions for future refinement toward physically based and
temporally dynamic optical modeling approaches.

6. Conclusions
This study evaluated spatial optical variability in three alpine karst lakes in Jiuzhaigou

using UAV hyperspectral imagery, CIE L*a*b* color metrics, and empirical optical proxies.
By focusing on relative spatial optical differences rather than absolute retrieval of water
constituents, this study demonstrates the potential of UAV hyperspectral data for protected
and data-limited lake systems. The main findings are summarized below:

Multi-scale clustering for identifying optical differences: By combining UAV hyper-
spectral imagery, empirical optical proxies (e.g., SCCI), CIE L*a*b* color coordinates, and
K-means clustering, this study identified spatial differences in lake optical characteristics.
The two-scale clustering strategy reduced the influence of large differences among lakes
and allowed both inter-lake and within-lake optical variations to be identified.

Identification of optical zones with different spectral characteristics: The derived
optical zones revealed distinct spatial patterns in the three lake systems. Zone A exhib-
ited higher reflectance with stronger bottom-related influences, whereas Zone C showed
lower reflectance and weaker bottom contributions. Zone B displayed intermediate
spectral characteristics.

Statistical differentiation of optical zones: Kruskal–Wallis H tests confirmed significant
differences among optical zones across the analyzed spatial scales. The proxies were able
to distinguish localized optical variations within the studied lakes.

Relationships between optical patterns and lake characteristics: The multi-scale spa-
tial patterns of the Optical Water Types correspond with differences in lake morphology,
substrate exposure, and hydrological settings among the cascaded lakes (e.g., the rela-
tively uniform optical structure of Five Colored Pool compared with the stronger spatial
heterogeneity observed in Five Flower Lake.). These spatial patterns provide reference in-
formation for future studies investigating optical changes related to hydrological conditions,
sediment processes, or ecosystem variations.

Overall, the combination of UAV hyperspectral imagery and spatial clustering pro-
vides a non-destructive method for evaluating optical variability in shallow-water karst
lakes. By resolving fine-scale optical gradients without extensive field calibration, this
approach provides a reference dataset for future comparisons of optical conditions in pro-
tected lake systems. The results should be interpreted as relative optical characterization
rather than direct quantitative inversion of physical or biogeochemical parameters.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/rs18152596/s1. Figure S1. Multi-metric evaluation of sample
size sensitivity and statistical convergence (represented by ∆E in Five Flower Lake). (a) Optimiza-
tion phase: Line charts illustrating the standard deviation of sampled means and sampled stan-
dard deviations as a function of sample size (N). Clear convergence ‘elbow’ points are visible at

https://doi.org/10.3390/rs18152596

https://www.mdpi.com/article/10.3390/rs18152596/s1
https://www.mdpi.com/article/10.3390/rs18152596/s1
https://doi.org/10.3390/rs18152596


Remote Sens. 2026, 18, 2596 23 of 26

N = 10,000. (b) Optimization phase: Boxplots comparing the distributions of sampled means and
sampled standard deviations across varying sample sizes, demonstrating the stabilization of the
distribution structure at N = 10,000. Note the diminishing marginal gains beyond this threshold;
Figure S2. K-means clustering sensitivity analysis across global scales. The optimal number of
clusters (k) was evaluated using four internal validation metrics: within-cluster sum of squares
(WCSS, elbow method), silhouette coefficient, Calinski–Harabasz index, and Davies–Bouldin index;
Figure S3. K-means clustering sensitivity analysis across lake-specific scales. The optimal number
of clusters (k) was evaluated using four internal validation metrics: within-cluster sum of squares
(WCSS, elbow method), silhouette coefficient, Calinski–Harabasz index, and Davies–Bouldin in-
dex; Figure S4. Probability density distributions of additional normalized optical proxy indices not
included in the main text.From left to right, the panels correspond to the Five Colored Pool, Five
Flower Lake, and Shuzheng Lakes (the largest lake); Table S1: Statistical stability verification of the
10,000-pixel sampling threshold.
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