
Citation: Chen, J.; Wang, N.; Wu, Y.;

Chen, A.; Shi, C.; Zhao, M.; Xie, L.

Quantifying Qiyi Glacier Surface

Dirtiness Using UAV and Sentinel-2

Imagery. Remote Sens. 2024, 16, 3351.

https://doi.org/10.3390/rs16173351

Academic Editors: Pedro Fidel Espín-

López, Massimiliano Barbolini and

Andreas J. Dietz

Received: 25 June 2024

Revised: 30 August 2024

Accepted: 4 September 2024

Published: 9 September 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

remote sensing  

Article

Quantifying Qiyi Glacier Surface Dirtiness Using UAV and
Sentinel-2 Imagery
Jiangtao Chen 1,2, Ninglian Wang 1,2,3,* , Yuwei Wu 1,2, Anan Chen 1,2, Chenlie Shi 1,2 , Mingjie Zhao 1,2

and Longjiang Xie 1,2

1 Shaanxi Key Laboratory of Earth Surface System and Environmental Carrying Capacity, College of Urban and
Environmental Science, Northwest University, Xi’an 710127, China; chenjiangtao@stumail.nwu.edu.cn (J.C.);
yuwei.wu@nwu.edu.cn (Y.W.); aachen@nwu.edu.cn (A.C.); max1995@stumail.nwu.edu.cn (C.S.);
202121513@stumail.nwu.edu.cn (M.Z.); longjxie@stumail.nwu.edu.cn (L.X.)

2 Institute of Earth Surface System and Hazards, College of Urban and Environmental Sciences, Northwest
University, Xi’an 710127, China

3 State Key Laboratory of Tibetan Plateau Earth System, Environment and Resources, Institute of Tibetan
Plateau Research, Chinese Academy of Sciences, Beijing 100101, China

* Correspondence: nlwang@nwu.edu.cn

Abstract: The glacier surface is composed not only of ice or snow but also of a heterogeneous mixture
of various materials. The presence of light-absorbing impurities darkens the glacier surface, reducing
local reflectance and thereby accelerating the glacier melting process. However, our understanding of
the spatial distribution of these impurities remains limited, and there is a lack of studies on quantifying
the dirty degree of glacier surfaces. During the Sentinel satellite overpass on 21 August 2023, we used
an ASD FieldSpec3 spectrometer to measure the reflectance spectra of glacier surfaces with varying
degrees of dirtiness on the Qiyi glacier, Qinghai–Tibet Plateau. Using Multiple Endmember Spectral
Mixture Analysis (MESMA), the Sentinel imagery was decomposed to generate fraction images of
five primary ice surface materials as follows: coarse-grained snow, slightly dirty ice, moderately
dirty ice, extremely dirty ice, and debris. Using unmanned aerial vehicle (UAV) imagery with a
0.05 m resolution, the primary ice surface was delineated and utilized as reference data to validate
the fraction images. The findings revealed a strong correlation between the fraction images and the
reference data (R2 ≥ 0.66, RMSE ≤ 0.21). Based on pixel-based classification from the UAV imagery,
approximately 80% of the glacier surface is covered by slightly dirty ice (19.2%), moderately dirty
ice (33.3%), extremely dirty ice (26.3%), and debris (1.2%), which significantly contributes to its
darkening. Our study demonstrates the effectiveness of using Sentinel imagery in conjunction with
MESMA to map the degree of glacier surface dirtiness accurately.

Keywords: dirtiness; light-absorbing impurities; multiple endmember spectral mixture analysis
(MESMA); UAV imagery; sentinel-2 data

1. Introduction

Mountain glaciers, apart from Antarctic and Greenland ice sheets, represent the
largest terrestrial ice reservoirs on Earth. In the context of climate change, these glaciers
are undergoing accelerated retreat, which has triggered a cascade of issues, including
reduced water resource availability [1], increased risk of natural disasters [2], sea level
rise [3], and others [4–6]. The surface of glaciers often contains significant amounts of
light-absorbing impurities (LAIs) such as black carbon, mineral dust, organic matter,
and others [7]. This results in the darkening of the glacier surface, a phenomenon observed
in regions such as the European Alps [8,9], the Greenland Ice Sheet [10], and the Qinghai–
Tibet Plateau [7]. These LAIs absorb more solar radiation than bare ice, leading to a decrease
in surface reflectance, thereby accelerating glacier melting rates and representing positive
feedback. Several investigations have been undertaken to analyze the constituents and
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concentrations of LAIs in snow, along with their contribution to glacier melting [11]. As
many mountain glaciers become snow-free during the summer months, more dark, bare
ice is exposed [12]. However, our understanding of the spatial distribution of dark ice
remains limited.

In recent years, remote sensing techniques have made great contributions to the study
of glacier changes. Unmanned aerial vehicles (UAVs) have demonstrated promising results
in glacier surface classification because of their high spatial resolution and reduced suscep-
tibility to cloud interference [9,13]. Naegeli et al. [13] used imaging spectroscopy to analyze
the de la Plaine Morte Glacier in the Alps, delineating the abundance of predominant
surface materials through spectral angle mapping (SAM). Their investigation revealed a
heterogeneous composition of snow, water, debris, and various ice types on the glacier
surface. Similarly, Rossini et al. [9] utilized a UAV platform to collect optical and thermal
data on the Zebrù Glacier in the Alps. Using support vector machine (SVM) methodology,
they classified the primary surface materials of the glacier and assessed the correlation
between surface temperature and debris thickness.

While previous studies have successfully classified glacier surfaces [14], distinguishing
among snow, clean ice, dirty ice, and debris, they have often lumped dirty ice into a single
category, overlooking the nuanced evolution of ice with varying degrees of dirtiness during
glacier ablation. Our field measurements reveal significant differences in reflectance among
ice types with varying degrees of dirtiness. Therefore, this study categorizes dirty ice into
slightly dirty, moderately dirty, and extremely dirty categories, enabling finer classification
of glacier surfaces. Building upon prior research [15,16] and field observations, we further
augment the classification scheme by incorporating coarse-grained snow and debris.

However, the presence of mixed pixels in remote sensing imagery leads to a decrease
in classification accuracy, posing a significant challenge in remote sensing data analysis [17].
Achieving quantification requires moving beyond traditional hard classification methods,
as they do not accurately represent true land cover conditions. Multiple Endmember
Spectral Mixture Analysis (MESMA), presented by Roberts et al. [18], is a commonly used
method for decomposing mixed pixels. It has been applied to studies aiming to classify
land cover where a single pixel represents a mixture of materials [19,20]. MESMA as-
sumes that the reflectance of each mixed pixel is a linear combination of spectra from
different components or endmembers, with weights representing the abundance of end-
members within the mixed pixel [21]. It has been extensively employed in post-fire burn
severity mapping [19,22,23], delineating open-pit coal mining impacts [24], ecosystem
monitoring [25,26], and quantifying subpixel urban impervious surfaces [27]. These studies
collectively underscore the effectiveness of MESMA in discriminating various land cover
types and generating fraction images. However, thus far, the potential of MESMA in
mapping the abundance of materials on glacier surfaces remains unexplored. The arduous
terrain and harsh environment of mountain glaciers have led to a notable scarcity of in situ
reflectance measurements.

This study utilized the ASD (Analytical Spectral Devices) FieldSpec3 spectrometer to
measure the reflectance of ice types with varying degrees of dirtiness on the Qiyi glacier,
aiming to achieve the following:

(1) Map the distribution of ice types with varying degrees of dirtiness on glacier surfaces,
assess the accuracy of MESMA in simulating the degree of dirtiness on glaciers,
and validate the results using UAV imagery.

(2) Validate the reliability of Sentinel satellite reflectance products using measured re-
flectance data.

(3) Provide a reliable approach and method for classifying and monitoring long-term
trends in glacier surface dirtiness using remote sensing data.
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2. Materials and Methods
2.1. Study Area

The Qiyi glacier (39◦14′13′′N, 97◦45′18′′E), located in the northeastern part of the
Qinghai–Tibet Plateau (Figure 1), was named after the Chinese glaciologists who first
ascended it on 1 July 1958. According to the Second Glacier Inventory [28], the Qiyi glacier
is classified as a cirque–valley glacier, covering an area of approximately 2.6 km2 with
a length of about 3.6 km. Glacier accumulation and ablation mainly occur during the
summer months. Against the backdrop of global climate warming, its area has decreased
annually. The glacier is flanked by relatively high peaks on both sides, with a relatively flat
ice tongue and a steep rear wall (Figure 1c,d). Numerous researchers have studied the mass
balance [29], equilibrium line altitude [30], surface temperature [15,31], and albedo [32,33],
but very few have focused on the degree of surface dirtiness of the Qiyi glacier. A timely
and accurate understanding of glacier dirtiness is of great significance for studying glacier
mass balance and albedo.
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Figure 1. (a) Location of the Qiyi glacier (red star). (b) A true-color RGB image (10 m resolution) of
the glacier, with the blue curve outlining its boundary. Red circles represent spectral sampling points,
yellow triangles indicate UAV ground control points, and pink rectangles delineate the validation
areas. (c,d) are images of the glacier terminus taken on 31 July 2013, and 15 August 2023, respectively.

Through field investigations, it has been observed that during the ablation season,
the primary surface materials of the Qiyi glacier include coarse-grained snow, ice with
varying degrees of dirtiness (slight, moderate, and extreme), supraglacial rivers, and debris
(referring to dark stone blocks exposed because of glacier melting or rolling down from the
surrounding mountains). Over the one-month observation period, no deposition of fresh
snow was detected, indicating the loss of seasonal snow cover on the glacier.

The Normalized Difference Snow Index (NDSI) [34] was used to delineate the bound-
ary of the Qiyi glacier, with a threshold value of 0.77. Visual interpretation was conducted
on UAV imagery to refine the glacier mask used for all subsequent analyses.

2.2. Field Spectroscopy Measurements

The weather during the glacier melting season is highly variable, limiting the oppor-
tunities for in situ monitoring. The timing of spectral measurements and the prevailing
weather conditions directly influence the quality of data collection. On 21 August 2023,
between 11:30 and 13:00 (during the Sentinel satellite overpass), under clear sky conditions,
we used an ASD FieldSpec3 spectrometer (with a spectral range of 350–2500 nm and a spec-
tral sampling interval of 1 nm) to measure 56 sample points on the Qiyi glacier. To ensure
the representativeness of sampling points and minimize random errors, each observation
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session stored 5 spectra with a sampling interval of 1 s. Measurements were conducted with
a pistol-grip handle held vertically 1 m above the ice surface, and dark current correction
was applied. Spectral measurements were obtained from circular ice surface areas with
a diameter of ~50 cm. Spectra of four types of surface materials—coarse-grained snow,
slightly dirty ice, moderately dirty ice, and extremely dirty ice—were acquired along the
glacier’s longitudinal axis. Safety considerations and instrument operability led to the
exclusion of larger supraglacial rivers on the glacier; instead, measurements were taken
from supraglacial streams to obtain spectral data.

The removal of abnormal spectral curves and computation of spectral means were
conducted using ViewSpecPro 5.6 software. After eliminating erroneous and anomalous
spectral curves, a total of 52 spectral curves were finalized. Among these, there were
13 spectral curves for coarse-grained snow, 15 for slightly dirty ice, 14 for moderately dirty
ice, 9 for extremely dirty ice, and 1 for a supraglacial river (Figure 2b).
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Figure 2. (a) Spectral measurements were collected with a fiber optic probe ~1 m above the ice
surface. (b) The actual measured spectral curves are depicted with solid black lines, while colored
circles represent the reflectance values at the central wavelengths of Sentinel-2B bands (B2-B8A bands
correspond to red to pink hues on the graph).

2.3. UAV and Sentinel-2B Imagery

Utilizing a DJI Matrice 300 RTK UAV equipped with a Zenmuse L1 lens, the visi-
ble band spectrum of the Qiyi glacier was acquired. Subsequent post-processing using
Pix4Dmapper 4.5.6 professional software yielded a high-resolution (0.05 m) Digital Or-
thophoto Map (DOM) of the glacier. We pre-defined the flight paths and parameters for
the UAV, including a flight altitude of 150 m above ground level, a 60% overlap between
images, and an average flight speed of 10 m/s. Because of constraints related to battery life
and weather conditions, we conducted four field flights on 15, 17, 19, and 20 August 2023.
The UAV acquired a total of 2585 images, of which 45 were subsequently removed because
of poor quality after visual inspection.

To ensure accurate geographic registration and minimize errors between the locations
of measured spectral points and the spatial positions of UAV data during post-processing,
ground control points (GCPs) were strategically deployed on the glacier one day before
the UAV flight. The geographic coordinates and elevation of these GCPs were measured
and recorded using a Real-Time Kinematic (RTK) device, specifically, the Zhonghaida RTK
system. Because of weather conditions and signal constraints, only four GCPs achieved a
fixed solution (Figure 1b), while the rest were single-point solutions. Fixed solutions are
derived from differential measurements between RTK base and rover stations, providing
higher accuracy compared with single-point solutions obtained solely by the rover station.
The average errors in the X, Y, and Z directions for the four points are 6 cm, 8 cm, and 14 cm,
respectively. This meticulous approach aimed to optimize the accuracy of geographic
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registration and minimize discrepancies between measured spectral points and UAV spatial
data during subsequent processing phases.

The Sentinel-2B satellite, operated by the European Space Agency (ESA), is a multispec-
tral imaging platform designed for the systematic acquisition of optical imagery over terres-
trial and coastal areas at resolutions ranging from 10 m to 60 m. Widely utilized in remote
sensing research, it facilitates tasks such as land cover classification, water body monitoring,
and snow accumulation detection [35]. In this study, imagery captured by the Sentinel-2B
satellite during its pass over the Qiyi glacier on 21 August 2023 was utilized. The imagery
data are openly accessible via the ESA’s official website (https://scihub.copernicus.eu
(accessed on 21 August 2023)). Table 1 presents the spectral band names, their respective
wavelength ranges, and resolutions used in this study.

Table 1. The spectral band names, corresponding wavelength ranges, and resolutions of the Sentinel
utilized in this study.

Band Range
(nm)

Central
Wavelength

(nm)

Resolution
(m)

2 (Blue) 457.5–522.5 490 10
3 (Green) 542.5–577.5 569 10
4 (Red) 650–680 665 10
5 (Vegetation red edge) 697.5–712.5 705 20
6 (Vegetation red edge) 732.5–747.5 740 20
7 (Vegetation red edge) 773–793 783 20
8 (NIR) 784.5–899.5 842 10
8A (NIR narrow band) 855–875 865 20

2.4. Spectral Channel Reflectance Values

Because of hardware limitations of sensor filters, it is impossible for sensors to achieve
a 100% response within a predetermined wavelength range. Therefore, satellite sensors
often utilize Spectral Response Functions (SRFs) to describe the ratio of the radiance
received by the sensor at a given wavelength to the incident radiance. This elucidates the
sensor’s response intensity across different wavelengths [36]. To achieve spectral matching
between field-measured hyperspectral signatures and Sentinel-2B multispectral imagery,
given their differing spectral resolutions, spectral integration was performed using the SRF
of Sentinel-2B. This process enabled the derivation of channel reflectance values from the
field-measured spectra. The SRF can be calculated as follows:

Rrs(bandi) =

∫ λ2
λ1

Rrs(λ)SRF(λ)d(λ)∫ λ2
λ1

SRF(λ)d(λ)
(1)

where Rrs(bandi) represents the equivalent remote sensing reflectance of band i from the
satellite, λ1 and λ2 denote the wavelength range of the band, Rrs(λ) signifies the measured
hyperspectral remote sensing reflectance, and SRF(λ) stands for the spectral response
function at wavelength λ. The computation of ASD-equivalent reflectance using the SRF
was performed using Matlab 2023.

The reflectance of different surface materials is shown in Figure 3a, while Figure 3b–f
depict corresponding field photographs of these materials.

https://scihub.copernicus.eu
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Figure 3. Spectral curves after SRF conversion, where solid lines represent mean values and shaded
areas denote standard deviations (a). Photographs of the following categories of ice are shown:
(b) coarse-grained snow; (c) slightly dirty ice; (d) moderately dirty ice; (e) extremely dirty ice;
and (f) supraglacial rivers. The spectrometer’s field of view is a ~50 cm diameter circle; a pen is
placed for scale, aiming to provide readers with a sense of proportion for better comprehension.

The spectral curves of the five glacier surface types, as depicted in Figure 3a, exhibit
distinct separability, providing a theoretical basis for the subsequent classification of glacier
surfaces. Coarse-grained snow demonstrates higher average reflectance in the visible and
near-infrared bands compared with other glacier surface types, with reflectance values
exceeding 0.62 ± 0.04 in the red and green bands. The reflectance spectral curves of slightly
and moderately dirty ice exhibit consistent fluctuating patterns. Slightly dirty ice attains
the highest reflectance values in the red band, reaching up to 0.38 ± 0.07, while moderately
dirty ice similarly achieves maximum reflectance values of 0.25 ± 0.05 in the red band.
The presence of impurities in the ice reduces reflectance in the blue and green bands. As
dirtiness increases, extremely dirty ice maintains a similar spectral pattern to slightly and
moderately dirty ice, but with significantly reduced amplitude, with reflectance values
ranging between 0.1 ± 0.02 and 0.13 ± 0.02.

2.5. Comparison of Different Atmospheric Correction Methods

To mitigate the influence of satellite atmospheric correction processes on the cal-
culation of final surface reflectance of land cover types, it is imperative to validate the
atmospheric correction of satellite surface reflectance using synchronous ground-based
spectral information (e.g., ASD FieldSpec4, HyperSas) [37]. The objective is to identify prod-
ucts that closely approximate measured reflectance, thereby maximizing the accuracy of
subsequent spectral unmixing analyses. Considering the temporal alignment between the
measured spectra and Sentinel data, we conducted comparative analyses using Sentinel-2B
data acquired on 21 August 2023. Clean and dirty areas were identified within Sentinel
imagery (Figure 4), representing coarse-grained snow and dirty ice on the glacier, respec-
tively. The FLAASH atmospheric correction method, based on the MOTRAN radiative
transfer model, is integrated into ENVI 5.3 software [38]. Sen2cor serves as a processor
for handling and formatting Sentinel-2 Level-2A products, with atmospheric correction
conducted using Look-Up Tables (LUTs) generated by the libRadtran radiative transfer
computation package [35]. We also compared the reflectance of L1C products, which had
not undergone radiometric calibration and atmospheric correction. Because the glacier area
is less affected by the atmosphere because of the high altitude, we can more intuitively
see the difference between the reflectance of the top atmosphere and the reflectance of the
glacier surface.
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Figure 4. A comparison of measured reflectance and satellite products, where red pentagrams denote
the sampling positions of the spectrometer. (a,b) represent relatively clean glacier surfaces, while
(c,d) depict relatively dirty glacier surfaces. L2A denotes products produced by the ESA, FLAASH
(10 m) signifies atmospheric correction through FLAASH, and L2A (Sen2cor) indicates correction via
the Sen2cor plugin. SRF refers to spectral response function conversion, the green line represents the
measured spectra, and L1C denotes ESA L1C products.

The Root Mean Square Error (RMSE) was used to assess the differences between the
measured values and the three reflectance products. A smaller RMSE indicates higher
accuracy in satellite-derived reflectance. RMSE is calculated as follows:

RMSE =

√
∑n

i=1(yi − ŷi)
2

n
(2)

where n represents the sample size, yi denotes the measured reflectance value at the ith
point, and ŷi signifies the Sentinel reflectance value at the ith point.

Upon calculation (Table 2), the RMSE values for ESA Level-2A products at the two
validation points are 0.149 and 0.094, respectively. Following atmospheric correction
through FLAASH, the RMSE values are 0.093 and 0.094, respectively. Moreover, post-
correction via the Sen2cor plugin, the RMSE values are 0.050 and 0.064, respectively,
indicating minimal errors. Consequently, we opted for Sentinel imagery post-corrected
through Sen2cor for our analysis.
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Table 2. The RMSE for two validation points.

L2A FLAASH (10 m) L2A (Sen2cor)

Coarse-grained snow 0.149 0.093 0.050
Dirty ice 0.094 0.094 0.064

Notes: L2A refers to ESA Level-2A products; FLAASH (10 m) denotes atmospheric correction through FLAASH;
L2A (Sen2cor) signifies correction via the Sen2cor plugin.

2.6. Glacier Surface Classification of UAV Imagery

To match the area covered by ASD sampling points, we resampled the UAV imagery to
a resolution of 0.05 m, significantly reducing the computational burden while maintaining
classification accuracy. The higher resolution of the orthoimage enabled a finer classification.
We manually selected training sets for the following eight predefined ice surface categories:
coarse-grained snow, slightly dirty ice, moderately dirty ice, extremely dirty ice, debris,
supraglacial rivers, shadows, and bright rocks, with on-site photographs as a reference.
Glacier surface classification was conducted using the SVM method. SVM [39,40] is a
prominent classification algorithm in machine learning. It discerns a decision hyperplane to
separate existing training datasets and subsequently classifies new data based on its position
relative to the hyperplane. The effectiveness of SVM as a classifier has been previously
demonstrated in the classification of primary materials on glacier surfaces [9,41,42]. More
details about the SVM method can be found in [40,42]. Given the limited spectral contrast
between the small pixel size of UAV imagery and glacier surface features, which resulted
in salt-and-pepper noise [43], a 3 × 3 median filter was applied to smooth the classification
results and mitigate salt-and-pepper noise.

2.7. MESMA Procedure

The MESMA process introduced in this study primarily comprises the following
three steps: (1) establishment of a spectral library by incorporating image endmembers as
candidate endmembers; (2) optimization of the spectral library by selecting the optimal
endmembers to form the final endmember spectral library; and (3) unmixing of Sentinel
imagery to obtain fraction images.

2.7.1. Building the Spectral Library

Before applying MESMA, it is essential to define endmembers for decomposing Sen-
tinel imagery. Endmember selection is a crucial step in MESMA, directly impacting the ac-
curacy of spectral representation using a mixed model [24]. Endmember selection involves
determining the number of endmembers and their spectral characteristics. Endmembers
should exhibit distinguishable attributes within the scene and be of interest to the user [44].

The acquisition of endmembers can be approached through the following avenues:
(1) reference endmembers obtained from spectral libraries and (2) image endmembers
acquired directly from the image. Reference endmembers, obtainable from field or lab-
oratory sources, offer the advantage of purity. However, their utilization necessitates
meticulous image calibration, a process prone to complexities and potential errors due to
mismatched pixel sizes [45]. In contrast, image endmembers are readily available and share
the same measurement scale as the image data, facilitating consistent calibration during
image preprocessing. Therefore, following previous studies [23–25,46], we opted to use
image endmembers for spectral library construction. Based on resolution and field surveys,
we defined image endmembers as coarse-grained snow, slightly dirty ice, moderately dirty
ice, extremely dirty ice, and debris. We used field notes and UAV imagery to identify
pure pixels.

2.7.2. Selection of Optimal Endmembers

Upon establishing a spectral library containing candidate image endmembers, the
selection of high-quality image endmembers becomes paramount, as it not only reduces
computational burden but also enhances MESMA decomposition accuracy [18]. Numer-
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ous methods have been developed to optimize spectral libraries. Building upon prior
research [19], we utilized the following three metrics to choose the optimal endmembers:
(1) Endmember Average RMSE (Root Mean Square Error) (EAR); (2) Minimum Average
Spectral Angle (MASA); and (3) Count-based Endmember Selection (CoB). These three
metrics are collectively referred to as EMC [46].

EAR assesses the ability of each endmember to model other endmembers within the
class by computing the sum of RMSE [47]. EAR can be calculated as follows:

EARi =
∑N

j=1 RMSEi,j

n − 1
(3)

where i represents the endmember, j denotes the spectral model, N signifies the number
of endmembers, and n denotes the number of spectral models. The “ − 1” is a correction
factor to mitigate zero errors resulting from endmember self-modeling.

MASA, like EAR, evaluates the total spectral angle (θ); both metrics do not consider
inter-class confusion, focusing solely on intra-class evaluation of endmembers [48]. MASA
can be calculated as follows:

MASAi =
∑N

j=1 θi,j

n − 1
(4)

The spectral angle (θ) is calculated as follows:

θ = cos−1

(
∑M

λ=1 ρλρ′λ
LρLρ′

)
(5)

where ρλ represents the reflectance of the endmember, ρ′λ denotes the reflectance of the
spectral model, Lρ signifies the length of the endmember vector, and L′

ρ indicates the length
of the spectral model vector.

The CoB method evaluates the Spectral Match Angle (SMA) of each endmember,
assessing its ability to model the number of endmembers in the spectral library successfully,
with a defined RMSE threshold to determine success. When applied within endmember
classes, this approach is termed InCoB, whereas when applied to endmembers outside of
the class, it is termed OutCoB. Optimal endmembers exhibit the highest InCoB and lowest
OutCoB, indicating minimal confusion with endmember classes [49].

2.7.3. Spectral Unmixing

The optimized EMC library was applied to MESMA for spectral unmixing of Sentinel
imagery. Leveraging the VIPER Tools plugin, spectral unmixing was achieved by coupling
two to five endmembers with a shadow endmember [24]. Considering the similarity of dirty
ice, we assumed that each pixel in the Sentinel scene could be modeled through a linear
combination of one to five ice surface types along with a shadow. By varying the spectral
quantity and complexity of the models within the EMC library (ranging from two to six
endmembers), iterative processes were conducted. Initially, visually appropriate image sets
were selected, followed by the classification of fraction images. In the visual assessment,
debris was used as reference points because of its distinct visibility in both UAV imagery
and Sentinel imagery, which improved the efficiency and accuracy of visual judgments.
Additionally, in cases where the percentage of unmixed pixels was low, new spectra were
added to the spectral library to characterize unclassified areas [23]. A threshold of 98%
was defined for classified pixels, indicating that the ratio of classified pixels to the total
number of pixels in the Sentinel imagery should exceed 0.98. At this point, we considered
the MESMA fraction images effective, as too many unclassified pixels would directly affect
the accuracy of spectral decomposition and classification outcomes.
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Based on previous research [19,23–25], the minimum and maximum allowable fraction
values were −0.05 and 1.05, respectively; the maximum allowable shadow fraction value
was 0.8; and the maximum allowable RMSE was 0.025. Finally, to obtain the abundance
of non-shadow endmembers for each pixel, the output fraction images were shadow-
normalized. The functionalities were implemented using the spectral library plugin VIPER
Tools 2.0.

3. Results
3.1. Glacier Surface Classification

In this study, we performed pixel-based classification of the primary materials present
on the surfaces of a glacier using UAV imagery. We applied a 3 × 3 median filter to
smooth the classification results and reduce salt-and-pepper effects. The classification
results reveal that coarse-grained snow and various degrees of dirty ice dominate the
glacier’s surface. As depicted in Figure 5, coarse-grained snow and slightly dirty ice
are nearly in a 1:1 proportion on the glacier surfaces, accounting for 19.1% and 19.2%,
respectively. Moderately dirty ice constitutes the most abundant material on the glacier’s
surface, occupying one-third (33.3%) of the glacier area. The proportion of extremely dirty
ice is 26.3%, exceeding one-fourth of the total area. Debris is concentrated and distributed
in small areas, representing 1.2% of the glacier surface. Supraglacial rivers, shadows,
and bright rocks exist in small areas on the glacier surface, accounting for 0.1%, 0.5%,
and 0.2%, respectively. The pixel-based classification effectively illustrates the distribution
patterns of the five primary materials (coarse-grained snow, slightly dirty ice, moderately
dirty ice, extremely dirty ice, and debris) on the glacier’s surface, highlighting the accuracy
of the classification.
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The central and terminal regions of the glacier exhibit a concentration of debris, clearly
discernible in UAV imagery, thus demonstrating the accuracy of UAV-based classification.
Additionally, coarse-grained snow and slightly dirty ice are nearly ubiquitous across the
entire glacier surface, with a higher prevalence of coarse-grained snow at higher elevations.
Conversely, moderately dirty ice and extremely dirty ice are notably concentrated in the
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upper regions of the glacier. Bright rocks are mainly concentrated in a small area on the
western side of the glacier and at the glacier terminus. Shadows predominantly occur on
the western side of the glacier, especially in supraglacial rivers and on the backside of
debris, because of the southeast orientation of the sun. Some crevasses appear black under
sunlight, potentially causing confusion between shadows and debris in certain areas of the
glacier. This confusion is particularly common in supraglacial rivers, where shadows may
be misinterpreted as debris because of their darker appearance under sunlight.

A confusion matrix [50] was calculated to validate the accuracy of the classification
(Table 3). Utilizing stratified random sampling with equal allocation, 100 accuracy assess-
ment points were randomly generated within each class for visual identification. Validation
revealed an overall classification accuracy of 75% with a kappa coefficient of 71%. Notably,
the classification accuracy for debris, coarse-grained snow, and slightly dirty ice exceeded
80%, reaching 89%, 88%, and 84%, respectively. Moderately and heavily dirty ice, as well
as bright rocks, also achieved an accuracy surpassing 70%, at 76%, 75%, and 72%, respec-
tively. Lower accuracies were achieved in supraglacial rivers and shadows, at 47% and
65%, respectively.

Table 3. The confusion matrix of SVM classification results compared to ground truth data.

Ground Truth
Pixels

Classified Pixels

Coarse-
Grained Snow

Slightly
Dirty Ice

Moderately
Dirty Ice

Extremely
Dirty Ice Debris Supraglacial

River Shadows Bright
Rocks

Coarse-grained
snow 88 12

Slightly dirty ice 12 84 4
Moderately

dirty ice 2 20 76 2

Extremely dirty ice 1 22 75 1 1
Debris 11 89

Supraglacial river 10 38 1 47 4
Shadows 1 26 3 5 65

Bright rocks 23 5 72

3.2. Optimal Endmembers

As described in Section 3.4, image endmembers were used to build the spectral library.
Leveraging field surveys and UAV imagery, candidate endmember spectra of coarse-
grained snow, slightly dirty ice, moderately dirty ice, extremely dirty ice, and debris were
extracted from Sentinel imagery. The optimization of candidate endmembers was achieved
through the utilization of the EAR, MASA, and CoB metrics, resulting in the formation of
the final spectral library. This approach not only reduced computational complexity but
also enhanced model accuracy.

We finally identified an EMC Library that allowed the MESMA model to decompose
99.2% of pixels in Sentinel imagery successfully. Each class in the EMC library consists
of four endmember spectral curves (Figure 6), these five spectral curves represent typical
coarse-grained snow, slightly dirty ice, moderately dirty ice, extremely dirty ice, and de-
bris, demonstrating distinct characteristics among different class endmember curves. As
depicted in Figure 6, there is a gradual darkening of pixels and a continuous decrease
in reflectance from coarse-grained snow to debris. This is accompanied by a reduction
in spectral curve amplitudes as the level of dirtiness increases. Reflectance peaks for
coarse-grained snow exceed 0.65 at 560 nm; for slightly dirty ice, reflectance generally does
not exceed 0.6, with the highest value occurring at 665 nm, whereas for moderately and
extremely dirty ice and debris, reflectance exhibits a sharp increasing trend within the
665–705 nm range, with peak values observed at 705 nm.
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Figure 6. The final spectral endmembers for the following different glacier surface types: (a) coarse-
grained snow; (b) slightly dirty ice; (c) moderately dirty ice; (d) extremely dirty ice; and (e) debris.

3.3. Abundance of Glacier Surface Materials

Following the MESMA unmixing of Sentinel imagery, the abundance of five distinct
surface materials was quantified for each pixel. We defined thresholds to distinguish among
high (0.8–1.0), moderate (0.5–0.8), and low (0.1–0.5); pixels with values below 0.1 were
classified as not present (Figure 7).

As depicted in Figure 7, the debris endmember exhibits a highly concentrated distri-
bution pattern, with distinct accumulations observed at the terminus and in the central
region of the glacier. These accumulations were not evident in photographs of the glacier
taken a decade ago, indicating that over the years, as the glacier melted, debris became
exposed, resulting in a gradual darkening of the glacier. Moreover, debris is distributed
along the entire boundary of the glacier. Various degrees of dirty ice manifest a dispersed
abundance pattern across the glacier, consistent with the findings of the field observations.
The coarse-grained snow endmember exhibits relatively low abundance across the central
and western regions of the glacier. At higher elevations, the distribution pattern becomes
more concentrated, especially in the southeastern part of the glacier. The spatial corre-
spondence with brighter pixels in Sentinel imagery (21 August 2023) further validates the
accuracy of MESMA decomposition.
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Conversely, the extremely dirty ice endmember shows a concentrated distribution with
higher abundance in the central glacier regions, presenting a contrasting pattern with coarse-
grained snow, where a higher abundance of the latter corresponds to a lower abundance
of extremely dirty ice. The slightly dirty ice endmember shows a gradient in abundance
from low to high across the glacier, particularly notable in the glacier tongue, where a
significant amount of slightly dirty ice is present. The moderately dirty ice endmember
tends to distribute along supraglacial rivers in the glacier tongue region, while in the central
glacier areas, it shows moderate to high abundance. In the central and western regions of
the glacier, confusion between extremely dirty ice and debris is observed because of their
accumulation of light-absorbing impurities. This results in comparatively low reflectance,
making the area appear darker in Sentinel imagery.

3.4. Accuracy Assessment of MESMA Fraction Images

We used UAV imagery of the glacier tongue and two debris-covered areas (rectangular
regions in Figure 1b) to validate the performance of MESMA. UAV imagery of the glacier
tongue was acquired the day before the Sentinel satellite overpass, as there was no snowfall
during the preceding night, ensuring a relatively stable glacier surface. Therefore, under
limited conditions, we consider this dataset to be the optimal choice for validating MESMA.
In the glacier tongue section, there is a gradient of ice cover types ranging from low to
high abundance, including coarse-grained snow, slightly dirty ice, moderately dirty ice,
and extremely dirty ice. However, debris is predominantly found only at the glacier
terminus, occurring in limited quantities and with impure pixels. We posit that large
debris areas, in the absence of recent snowfall, represent a relatively stable glacier surface
in the short term. Therefore, we selected two debris-covered regions in the central part
of the glacier for validation. Across the glacier tongue section, we randomly generated
250 validation points on the Sentinel imagery and manually selected 80 points within the
two debris-covered areas for validation.
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We conducted binary linear regression between the MESMA fraction images and the
UAV classification results, calculating R2 and RMSE. The results, as depicted in Figure 8,
show that the accuracy of the debris fraction image is the highest (R2 = 0.76, RMSE = 0.07),
followed by moderately dirty ice (R2 = 0.71, RMSE = 0.20). Additionally, coarse-grained
snow, slightly dirty ice, and extremely dirty ice achieve R2 values of 0.69, 0.69, and 0.66,
respectively.
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4. Discussion
4.1. Limitations of UAV Data

Because of constraints imposed by UAV battery life and field conditions, it was not
feasible to conduct comprehensive aerial surveys of the entirety of the Qiyi glacier within
a single day. However, orthorectified images of the glacier tongue section captured by
the UAV were acquired the day before the Sentinel satellite overpass. Given the absence
of snowfall on the preceding day, we consider the UAV-derived image to represent a
relatively stable glacier surface. It is important to acknowledge that because of glacier
dynamics, surface conditions may differ between consecutive days, introducing potential
errors during validation. Nevertheless, within the constraints of available data, this dataset
represents the optimal choice for validating MESMA. Consequently, validation was limited
to the glacier tongue region and two debris-covered areas in the mid-glacier region, while
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the accuracy of the unmixing results in the upper glacier remains unknown. Future efforts
will focus on obtaining UAV imagery on the day of the satellite overpass to facilitate more
precise validation of MESMA fraction images.

The high spatial resolution of UAV imagery enables the SVM algorithm to distinguish
different surface materials on the glacier, aligning with previous research findings [9,13].
Satisfactory classification results (user accuracy > 75%) were obtained for the five primary
materials on the glacier surface including coarse-grained snow, slightly dirty ice, moderately
dirty ice, extremely dirty ice, and debris. However, the classification of supraglacial rivers
did not meet satisfactory standards in this study. From the UAV imagery, it is evident
that the supraglacial rivers, smoothed and brightened by flowing water, were captured
before 12:00 when the sun was positioned in the southeast. These supraglacial rivers
flow from south to north, creating natural shadows due to the terrain. Most of these
shadows were correctly classified; however, some darker pixels of the supraglacial rivers
were misclassified as shadows and debris. The primary confusion occurs between the
supraglacial rivers and extremely dirty ice, as the latter is extensively distributed along
the supraglacial riverbanks and shares similarly dark pixel values. This misclassification
highlights the challenge of accurately distinguishing between these surface types.

Additionally, the oversaturation of some pixels led to the misclassification of coarse-
grained snow as supraglacial rivers, highlighting the challenge of delineating shallow water
or water body boundaries amidst mixed pixels on bright surfaces [13]. Similarly, during
the classification process, confusion between bright rocks and moderately to heavily dirty
ice was noted because of similarities in pixel brightness, exacerbated by the prevalence of
extensively dirty ice resulting in a salt-and-pepper effect. To mitigate this, a 3 × 3 median
filter and manual adjustments were employed. These adjustments were made to improve
the classification accuracy of the UAV imagery, enabling more precise validation of the
MESMA unmixing results.

During field measurements, we found that distinguishing between these categories of
dirty ice is inherently challenging. Coarse-grained snow can be either clean or dirty, and
dirty ice can be either dry or wet. We did not measure the composition and concentration
of impurities in the ice, such as various minerals, organic matter, or black carbon, making it
challenging to set a definitive threshold to distinguish between coarse-grained snow and ice
with varying degrees of dirtiness. Future work will involve measuring the composition and
concentration of impurities in the ice to establish thresholds for more accurate classification.

4.2. The Uncertainty of MESMA Procedure

In the MESMA procedure, endmembers can be selected using either field-measured
spectra or directly extracted from Sentinel imagery. While field-measured endmembers bet-
ter meet purity requirements, identifying suitable reference endmembers in high-altitude,
harsh glacier environments is challenging. Attempts to find a large, homogeneous flat area
on the glacier surface proved difficult because of its heterogeneous and uneven nature,
compounded by the presence of flowing liquid water. Although image endmembers might
not be as pure, they are easier to obtain and are subjected to the same corrections as other
pixels. Consequently, we opted to use image endmembers in this study. Furthermore, the
spectral reflectance measured with ASD FieldSpec3 during fieldwork provided valuable
information during data processing. This facilitated the differentiation of primary materials
on the glacier and offered authentic data for evaluating the reliability of image endmembers.

We found that MESMA can effectively estimate the abundance of different materials
on glacier surfaces (coarse-grained snow, slightly dirty ice, moderately dirty ice, extremely
dirty ice, and debris), despite some confusion among these surface types. However, the
successful application of MESMA critically depends on the selection of pure endmembers
and field investigations. Although field measurements can accurately describe ice with
varying degrees of dirtiness in the ablation zone, the costs involved are substantial, and long-
term observations are challenging. Remote sensing data can be used to study the optical
properties of entire glaciers. The Sentinel satellites provide repeat observations every
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five days, offering an effective data source for studying daily changes in surface types on
glaciers. By utilizing the EMC library and combining it with Sentinel imagery, we can
perform mixed pixel decomposition on images throughout the entire ablation period. This
process allows us to determine the composition of primary materials on glacier surfaces,
ultimately improving our understanding of glacier dirtying processes.

Finally, we found that sub-pixel abundance estimates obtained through MESMA
exhibit high accuracy, with low errors (RMSE ranging from 0.07 to 0.21) and high deter-
mination coefficients (R2 ranging from 0.66 to 0.75). These outcomes are consistent with
previous studies utilizing MESMA to assess the severity of fire burn scars [23], urban envi-
ronmental mapping [51], and habitat diversity research [25]. This suggests that MESMA
may be suitable for estimating the abundance of surface cover types on the Qiyi glacier.
However, further research is needed to confirm its applicability to other glaciers.

4.3. The Prospective Outlook for Future Work

In the context of global warming, many mountain glaciers become snowless in the
summer, exposing dirty ice. The light-absorbing impurities in dirty ice cause it to absorb
more solar radiation and accelerate the melting process, representing positive feedback.
Our work presents the distribution of dirty ice on the glacier surface during the melting
stage, which provides a method for more detailed classification of the glacier surface
and for analyzing the trend in glacier dirtiness over a long time series. More accurate
reflectance is the basis for calculating the mass balance of glaciers. In future work, the
reflectance and mass balance of glaciers with different degrees of dirtiness can be further
measured by placing a pole on the surface of glaciers with different degrees of dirtiness,
thus establishing a relationship between the reflectance and mass balance and, finally,
revealing the quantitative impact of glacier dirtiness on the mass balance of glaciers.

5. Conclusions

In this study, the degree of dirtiness on the Qiyi glacier was classified through field
surveys and measured spectral curves. Utilizing MESMA on Sentinel images acquired
concurrently, we obtained dirtiness classification results. Subsequently, we validated these
results using UAV imagery (0.05 m) of the glacier tongue and debris-covered areas. The
analysis yielded an R2 of ≥0.66 and an RMSE of ≤0.21, confirming the effectiveness of
using Sentinel imagery in conjunction with MESMA to delineate different surface cover
types (coarse-grained snow, slightly dirty ice, moderately dirty ice, extremely dirty ice,
and debris) on the Qiyi glacier.

Based on the UAV classification results, approximately 80% of the pixels on the Qiyi
glacier are covered by slightly dirty ice (19.2%), moderately dirty ice (33.3%), extremely
dirty ice (26.3%), and debris (1.2%), indicating a significant presence of dirty materials
on the glacier surface, which is a significant factor contributing to the darkening of the
glacier. The remaining 19.1% of the glacier surface is covered by coarse-grained snow,
while supraglacial rivers, shadows, and bright rocks collectively account for 0.9% of the
glacier surface.

Field observation data are essential for validating satellite-derived surface reflectance.
By using MESMA, we aim to produce maps that reflect the true surface cover with minimal
field sampling effort. The selection of pure endmembers in MESMA is critical, and we
believe this approach can be applied to other glaciers as well. The five-day revisit period of
Sentinel satellites allows for a deeper understanding of the dirtying processes on glacier
surfaces during the ablation season. Our work provides a scientific reference for estimating
glacier surface material abundance using Sentinel imagery.
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