remote sensing

Article

A New Automatic Extraction Method for Glaciers on the
Tibetan Plateau under Clouds, Shadows and Snow Cover

Mingcheng Hu "2, Guangsheng Zhou 1234 *{, Xiaomin Lv 3, Li Zhou 3, Xiaohui He 1'2 and Zhihui Tian 2

check for
updates

Citation: Hu, M.; Zhou, G.; Lv, X,;
Zhou, L.; He, X.; Tian, Z. A New
Automatic Extraction Method for
Glaciers on the Tibetan Plateau under
Clouds, Shadows and Snow Cover.
Remote Sens. 2022, 14, 3084.
https://doi.org/10.3390/1rs14133084

Academic Editor: Xinghua Li

Received: 2 June 2022
Accepted: 24 June 2022
Published: 27 June 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 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/).

School of Earth Science and Technology, Zhengzhou University, Zhengzhou 450001, China;
202012562017392@gs.zzu.edu.cn (M.H.); hexh@zzu.edu.cn (X.H.); iezhtian@zzu.edu.cn (Z.T.)

Joint Laboratory of Eco-Meteorology, Chinese Academy of Meteorological Sciences, Zhengzhou University,
Zhengzhou 450001, China

State Key Laboratory of Severe Weather, Chinese Academy of Meteorological Sciences, Beijing 100081, China;
lvxm@cma.gov.cn (X.L.); zhouli@cma.gov.cn (L.Z.)

Collaborative Innovation Center on Forecast Meteorological Disaster Warning and Assessment, Nanjing
University of Information Science & Technology, Nanjing 210044, China

*  Correspondence: zhougs@cma.gov.cn

Abstract: Accurately assessing the dynamic changes of glaciers under the background of climate
warming is of great significance for taking scientific countermeasures to cope with climate change.
Aiming at the difficulties of glacier identification, such as mountain and cloud shadow, cloud cover
and seasonal snow cover in high altitude areas, this paper proposes a reflectivity difference index
for identifying glaciers in shadow and glacial lakes and a multi-temporal minimum band ratio
index for reducing the influence of snow cover. It establishes a new large-scale glacier extraction
method (so-called Double RF) based on the random forest algorithm of Google Earth Engine (GEE)
and applies it to the Tibetan Plateau. The verification results based on 30% sample points show
that overall accuracies of the first and second classification of 96.04% and 90.75%, respectively,
and Kappa coefficients of 0.92 and 0.83, respectively. Compared with the real glacier dataset, the
percentage of correctly extracted glacier area of the total area of glacier dataset (PGD) was 84.07%,
and the percentage of correctly extracted glacier area of the total area of extracted glacier (PGE) was
89.06%; the harmonic mean (HM) of the two was 86.49%. The extraction results were superior to
the commonly used glacier extraction methods: the band ratio method based on median composite
image (Median_Band) (HM = 79.47%), the band ratio method based on minimum composite image
(Min_Band) (HM = 81.19%), the normalized difference snow cover index method based on median
composite image (Median_NDSI) (HM = 83.48%), the normalized difference snow cover index
method based on minimum composite image (Min_NDSI) (HM = 84.08%), the random forest method
based on median composite image (Median_RF) (HM = 83.87%) and the random forest method
based on minimum composite image (Min_RF) (HM = 85.36%). The new glacier extraction method
constructed in this study could significantly improve the identification accuracy of glaciers under the
influences of shadow, snow cover, cloud cover and debris. This study provides technical support
for obtaining long-term glacier distribution data on the Tibetan Plateau and revealing the impact of
climate warming on glaciers on the Tibetan Plateau.

Keywords: glacier extraction; shadow impact; snow cover; Google Earth Engine (GEE); random
forest; Tibetan plateau

1. Introduction

Glaciers are formed by ice-accumulating processes, such as compaction, recrystalliza-
tion, and refreezing of a large amount of snow throughout the year [1]. They are important
components of the cryosphere and one of the best natural indicators of climate change [2]
and are mainly distributed in high altitude and high latitude areas. The Tibetan Plateau is
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known as the “roof of the world” and the “Asian Water Tower”; glacier changes in the re-
gion will have a significant impact on the regional and even the global climate, water cycles,
sea level changes, and regional ecological evolution and socio-economic development [3,4].
Understanding the temporal and spatial changes of glaciers on the Tibetan Plateau is of
great significance for accurately assessing the impact of climate change on glaciers and
scientifically formulating countermeasures to help cope with climate change.

The boundary of glaciers is an important feature to accurately evaluate glacier dis-
tribution and area variation [5]. At present, methods for automatic or semi-automatic
glacier mapping based on remote sensing information include normalized difference snow
index (NDSI) [6,7], the band ratio method [8], supervised classification of random forest
(RF) [9,10], etc. These methods can accurately depict clean ice. However, they also have
their shortcomings, which are easily affected by glacial lakes, shadows, snow, and so on.
A common problem with these methods is that they cannot accurately and automatically
distinguish the debris-covered glacier from the clean glacier and the surrounding sur-
face [11,12]. Geomorphic parameters obtained from the digital elevation model [13-16],
thermal characteristics in the infrared band [16-18], the unique velocity characteristics
of glaciers [19], and the coherent change between two continuous SAR images [20,21]
have improved the accuracy of debris-covered glaciers to some extent. However, complex
preprocessing and data limitations make it difficult to apply these methods on a large
scale [22]. Therefore, the extraction of debris-covered glaciers is still the main challenge
for large-scale glacier mapping. In addition, the influences of cloud cover and snow cover
are two challenges to automatically extracting glacier information based on satellite im-
ages. Satellite images in summer are the best choice to identify glaciers, as most of the
seasonal snow melts in summer. However, the situation on the Tibetan Plateau is complex,
because some areas of the Tibetan Plateau have frequent snowfall and thick cloud cover in
summer [23,24]. The cloud cover and snow cover during summer render glacier mapping
difficult in this region. Although clouds can be identified from a single image through
multi-spectral information combination [24], it is still difficult to merge cloud-free images,
pixel by pixel, using only human vision.

Google Earth Engine (GEE) is a cloud platform for large-scale mapping and analysis
that was jointly developed by Google, Carnegie Mellon University, and the U.S. Geological
Survey [25,26]. This cloud-based platform enables us to synthesize cloud-free images pixel
by pixel as much as possible. Presently, the Google Earth Engine cloud platform has been
widely used to monitor global forest changes [27-29], global surface water changes [30,31],
urban changes [32-34], climate change [35-37], land use changes [38,39], and snow and ice
changes [40-46]. Many GEE-based glacier studies can weaken the influence of clouds to
some extent, but are not able to reduce the effects of debris [41], shadow, snow [42], and
glacial lakes [43].

Aiming at the difficulties of glacier identification, such as mountain and cloud shadow,
cloud cover, and seasonal snow cover in high altitude areas, this study proposes remote
sensing indexes for identifying glaciers in shadow as well as glacial lakes and glaciers under
the influence of snow cover and then constructs a new automatic extraction method of
glaciers based on the double random forest algorithm of the GEE cloud platform, including
pre-processing, feature construction and selection, classification, and accuracy verifica-
tion. This method is then applied to the Tibetan Plateau. Finally, this study compares
the results obtained by the new method with those obtained by commonly used glacier
extraction methods.

2. Study Region and Data
2.1. Study Region

The Tibetan Plateau, the study area, has a geographic range of 25°59'37” N-39°49'33"
N, 73°29'56” E-104°40'20" E, with an area of approximately 2.5 million km? and an average
elevation of over 4000 m [47] (Figure 1).
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Figure 1. Study region.

2.2. Data Sources

Data used in this study include Landsat image data, DEM data, and the glacier catalog
dataset, as shown in Table 1. Landsat image data and DEM data are archived in the
GEE platform.

Table 1. The data and sources used in the study.

Data Source

A discussion on the boundary and area of the
Tibetan Plateau in China [48]

Landsat image data United States Geological Survey

DEM data The Shuttle Radar Topography Mission, SRTM [49]
A dataset of glacier inventory in Western China
during 2017-2018 (V1) [50]

The boundary of the Tibetan Plateau

Glacier catalog dataset

3. Automatic Extraction Method for Glaciers

Figure 2 shows the process of extracting glaciers in this study. Glacial mapping mainly
includes five steps: pre-processing, feature construction, feature selection, classification,
and accuracy verification. According to the state of the glaciers, the glaciers in the study
area were divided into three categories: clean well-lit glaciers, well-lit glaciers covered
with debris, and glaciers in shadow [51], which are referred to as clean glaciers, debris-
covered glaciers, and glaciers in shadow hereafter. Glacier extraction was performed in
two steps. The clean glaciers and the glaciers in shadow were extracted firstly, and then the
debris-covered glaciers were extracted. Finally, all the glaciers were obtained.
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Figure 2. The process of glacier extraction.

3.1. Pre-Processing

To remove the influences of clouds and seasonal snowfall, it was necessary to syn-
thesize images with few clouds and snow in the study area. The pre-processing mainly
included three steps: dataset screening, cloud filtering, and image synthesis.

3.1.1. Dataset Screening

The Landsat image dataset was filtered based on geographic scope and time. Re-
searchers should consider not only having enough cloud-free images or pixels to cover the
entire study area but also selecting images during the summer ablation period to minimize
the impact of snow cover.

3.1.2. Cloud Filtering

The cloud scoring algorithm provided by GEE primarily uses cloud filters to calculate
the cloud score of each pixel, and the cloud score ranges from 0 (no cloud) to 100 (very thick
cloud) [41]. The cloud filtering operation filters out pixels with high cloud scores. If the
cloud score threshold is set too low, it will result in many empty pixels; if the cloud score
threshold is set too high, the cloud cover will affect the identification of glaciers. When a
balance is reached, the threshold of cloud score can be taken as the threshold of cloud score
for research.

3.1.3. Image Synthesis

In this study, the Landsat images used were orthorectified in GEE. The overlapping
data at each pixel position formed a pixel set. Usually, the minimum or median of pixel
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sets is used to synthesize images [40,41,52]. The image synthesis process is shown in
Figure 3, followed by image collection, cloud filtering, and image synthesis. The spectral
characteristics of snow cover are very similar to those of clean glaciers, but vary from those
of debris-covered glaciers. Hence, we performed a minimum synthesis of the image set
to minimize the influence of snow cover on the first glacier extraction, and then median
synthesis of the image set was carried out to enhance the difference between the debris-
covered glaciers and the surrounding rocks, which was beneficial in extracting the debris-
covered glaciers. Thus, two complete composite images of the study area were formed.

T
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Figure 3. Image synthesis process.

3.2. Feature Construction
3.2.1. Spectral Features

(1) Common spectral features

Spectral features used in this study were mainly derived from synthetic images,
including the first to seventh bands and several indices obtained from various combinations
of these bands. These spectral indices included the normalized difference vegetation index
(NDVI), normalized difference water index (NDWI), and normalized difference snow cover
index (NDSI), which were calculated as follows:

NDVI — PRed — pNIR, 1)
PRed T PNIR

NDWI — PGreen — pNIR’ ?)
PGreen + PNIR



Remote Sens. 2022, 14, 3084

6 of 21

(a)

00N

S =1.33 km?

NDSI — pGreen B pSWIRl , (3)
PGreen T PSWIR1

where pGreens PRed, PNIR @Nd pswir: are the reflectance values of the Landsat 8 OLI images
in the green, red, near-infrared (NIR), and short-wave infrared (SWIR1) bands, respectively.

(2) Spectral features of glaciers under the influences of shadow and snow cover

To distinguish the glaciers in shadow, debris-covered glaciers, rocks, glacial lakes,
and other objects with similar spectral information, the Landsat 8 TOA image was used to
sample glaciers, debris-covered glaciers, rocks, glacial lakes, lakes, and glaciers in shadow
on the Tibetan Plateau (Figure 4), and the average reflectance was calculated (Figure 5).
Studies have shown that it is easy to distinguish clean glaciers by using the “band ratio”,
which is the ratio of the red band (B4) and shortwave infrared band (B6) of Landsat 8 OLI
images. However, the traditional band ratio method is easily affected by snow [8], so this
study proposed a multi-temporal minimum band ratio index; that is, the ratio of red band
(B4) to short wave infrared band (B6) of each pixel of each image was calculated based on
the original Landsat 8 dataset, and the new image was synthesized with the minimum
band ratio of each pixel point set. More specifically, over a period of time, a non-glacier
pixel may be covered by snow many times, but once the surface is exposed, this pixel
is regarded as a non-glacier pixel. This index can help reduce the influence of snow on
glacier extraction.

%4°49°0"E

S =2.54 km?

N

RSSI0E SESE0E

S =727.96 km? S =45.01 km?

Figure 4. Sample collection of similar ground objects. (a—f) indicate shadow glaciers, debris-covered
glaciers, rocks, glacial lakes, lakes, and clean glaciers, respectively. The S represents the area of each
sampling area.

After removing the clean glaciers, the spectral features of the remaining glaciers in
shadow, the debris-covered glaciers, the rocks, and the glacial lakes were very similar. The
band ratio could aid in distinguishing the glaciers in shadow and glacial lakes from other
categories (Figure 5). The glaciers in shadow and glacial lakes had a large difference in
the near-infrared band (B5), but there was almost no difference in the short-wave infrared
band (B6). Therefore, we proposed a “band difference” index (B5-B6) to distinguish the
glaciers in shadow and glacial lakes.
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Figure 5. Average spectral reflectance of different ground objects.

(8) Spectral features of debris-covered glaciers

The spectral features of the remaining debris-covered glaciers and rocks were also
very similar. Studies have shown that optical images using thermal radiation technology
can improve the extraction accuracy of such glaciers [51]. Therefore, the thermal infrared
band (B10) was used in this study:.

In the median composite image, the brightness of the debris-covered glaciers, sur-
rounding rocks, and snow considerably varied. To effectively distinguish them, a tasseled
cap transformation was performed on the composite image to obtain the brightness, green-
ness, and humidity information of the pixels.

3.2.2. Texture Features

The effect of glacier extraction relying only on spectral features is not ideal; there can be
missing data and misclassifications among different types, because there is a phenomenon
of “the same object with different spectrum and different objects with the same spectrum”
in remote sensing images [53].

Texture features are visual features that do not depend on color or brightness to reflect
the homogeneous phenomenon in an image. These features contain critical information
regarding the structure and arrangement of the surface of an object and its relationship with
the surrounding environment. The gray-level co-occurrence matrix (GLCM) proposed by
Haralick in 1973 [54] is a commonly adopted method for describing texture by studying the
spatial correlation characteristics of gray levels. GEE provides a function called glcmTexture
to rapidly calculate texture features based on GLCM. In this study, the band ratio of the
composite image was used to calculate texture features, including angle second moment,
contrast, correlation, variance, inverse different moment, and entropy.

3.2.3. Topographic Features

SRTMGL1_003 data were utilized to derive the elevation, slope, and aspect features.
Topographic features were calculated by the function ee.Terrain.products().
Table 2 presents the 25 features constructed in this study:.
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Table 2. Feature construction.

Source Feature
Composite image B1~B7, B10, NDVI, NDWI, NDSI, band difference
Spectral features Tasseled cap transform image Greenness, brightness, humidity
Original dataset Multi-temporal minimum band ratio

Texture features

Second moment, contrast, correlation, variance,

B io of th ite i . .
and ratio of the composite image inverse different moment, and entropy

Topographic features

SRTMGL1_ 003 Elevation, slope, aspect

3.3. Feature Selection

There are numerous features available for classification. If too many features are sent
to the classifier for training, it will not only complicate the operation and greatly reduce the
processing speed but also decrease the classification accuracy in the case of limited samples.
This is called “dimension disaster” [55,56]. Therefore, the selection of significant features
plays an important role in remote sensing image classification.

The GEE provides the feature importance analysis method explain(). This method can
quickly calculate the importance of features, which is usually consistent with the ranking
importance measurements. Therefore, it is necessary to calculate the importance scores of
the constructed features, then sort the constructed features according to the importance
scores and select the features with higher importance scores for classification.

3.4. Random Forest Classification
3.4.1. Random Forest Parameter Settings

Random forest (RF) is a collection of classification trees proposed by Breiman [57]. The
advantages of RF enable it to deal with complex remote sensing image classification and
apply to multi-category and multi-feature classification.

The construction of the RF classifier model requires multiple parameters, including
the number of decision trees (N) and the number of variables used to split the data (M).
Generally speaking, if the value of N is too small, underfitting may occur; if the value of
N is too large, it may cause too many calculations. Therefore, it is important to determine
an appropriate parameter value. In addition, RF with a large value of M will result in
over-surplus calculation for classification. The value of M is typically determined by taking
the square root of the number of input variables [58].

3.4.2. Sample Selection

In this study, glaciers, lakes, and others were selected for the first classification, and
snow, debris-covered glaciers, water bodies, and others were selected for the second
classification. In accordance with the principle of randomness and uniformity, sample
points were selected covering the entire study region.

3.4.3. Post-Classification Processing

In the classification results of supervised classification, the band ratio method, or
decision tree, there will inevitably be some small pixel patches, which is a common problem
of pixel classification, and it will result in adverse effects on image quality and accuracy [59].
Therefore, it is necessary to eliminate or reclassify these small pixel patches.

3.4.4. Accuracy Verification

When collecting samples, we selected approximately 70% as training samples and
approximately 30% as verification samples. Based on these verification samples, the
commonly used precision evaluation indexes of overall accuracy and Kappa coefficient
were used to evaluate the extraction effect of glaciers [60].
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3.5. Comparison and Analysis with Glacier Dataset

To show the real performance of the method, it is necessary to compare the glacier
extraction results with real glacier datasets and calculate their area differences, including
the percentage of correctly extracted glacier area in the total area of glacier dataset (PGD)
and the percentage of correctly extracted glacier area in the total area of extracted glacier
(PGE). Obviously, the effect of glacier extraction cannot depend solely on PGD or PGE.
Only when PGD and PGE are high at the same time can the effect of glacier extraction be
very good. Therefore, the harmonic mean (HM) of PGD and PGE was introduced in this
study. The higher the HM value, the better the glacier extraction result. The calculation

formula is as follows:
PGD x PGE

HM =2 56D+ PCE @
4. Results and Analysis
4.1. Automatic Extraction of Glaciers on the Tibetan Plateau

4.1.1. The Result of Pre-Processing

In the pre-processing, summer images of the Tibetan Plateau from August to October
for the years 2016 to 2020 were selected for this study, which not only ensured enough
cloud-free images to cover the study area but also reduced the influence of snow cover.

Owing to the complex terrain of the Tibetan Plateau, many areas are covered by clouds
throughout the year. Therefore, it is difficult to synthesize a complete image using only
pixels with zero cloud scores. Based on the analysis, we found that the ice and snow pixels
covered by thin clouds on the Tibetan Plateau differed from the non-glacial areas, indicating
that the possibility of non-glacial pixels being regarded as glacier pixels was very small.
Testing different cloud score settings is essential for glacier extraction (Figure 6). Taking the
glacier cataloging dataset of western China from 2017 to 2018 as a reference, examples of
glacier extraction results were selected for comparison. When the cloud score was set to
40 (Figure 6a), glacier mapping was hardly affected by cloud cover, but there were some
missing pixels. When the cloud score was set to 80 (Figure 6¢), the area of glaciers that could
be extracted was much less than that of the dataset; this may because thick clouds affected
the identification of glaciers. When the cloud score threshold was set to 60 (Figure 6b),
there was a trade-off between empty pixels and the influence of cloud cover. Therefore, the
cloud score threshold used in this study was 60. In extreme cases, the number of pixels
used in a pixel set was zero, indicating that there were no remaining pixel sets after the
cloud filter. Statistically, the area of empty pixels in the entire study area did not exceed
0.01% of the study area.

Figure 6. Cloud score threshold setting experiment: the blue area is the extracted glacier, the red line
is the glacier boundary of the dataset, and the cloud scores of the three images were set to 40 (a),
60 (b) and 80 (c).

After cloud filtering, this study firstly performed a minimum value synthesis of the
image set to minimize the influence of snow cover, and then a median synthesis of the
image set was carried out to enhance the difference between the debris-covered glaciers
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and the surrounding rocks. Thus, two complete composite images of the Tibetan Plateau in
2018 were formed.

4.1.2. The Result of Feature Selection

In this study, the importance scores of 25 feature vectors were calculated using the
feature importance analysis method provided by GEE (Figure 7). The features were sorted
according to the importance scores, and the features with higher importance scores were
selected for classification.
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Figure 7. Importance score: (a) is the first classification and (b) is the second classification.

From the above figure, it can be seen that the indexes of band difference (BandDiffer-
ence) and multi-temporal minimum band ratio (MinBand) constructed in this study were
very important for classification. In the two classifications, we selected the top n (1 € [0, 25])
features with the highest importance score for input and calculated the accuracy (Figure 8).
As shown in Figure 8, considering both efficiency and accuracy, when the number of input
features was greater than 16 and 25, the classification accuracy did not improve signifi-
cantly, and the experimental calculation increased. Therefore, the top 16 features and the top
25 features were selected for the first and second classifications, respectively.

(b)
1

>0.8
2
5 0.7
8 0.6
505
S 0.4
203
=
=0.2
0.1
0
11 13 15 17 19 21 23 25 1 3 5 7 9 11 13 15 17 19 21 23 25

Number of features Number of features

Figure 8. Feature experiment of two classifications: (a) the first classification; (b) the second classification.

4.1.3. Random Forest Classification of Glaciers on the Tibetan Plateau

Within the study region, 861 sample points and 1528 sample points were selected for
the first and second classifications, respectively (Table 3). The selection of sample points
was based on synthetic images and completed by artificial visual interpretation. To reduce
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the error caused by human factors, all sample points were selected by one person and
verified by another person.

Table 3. Type and number of sample points.

First Classification Second Classification
Category No. of samples Category No. of samples
Glacier 181 Snow 84
Water body 126 Glacier covered with debris 384
Others 554 Water body 180
Others 880

In this study, the number of decision trees (N) was 10, and the number of input
features of the two classifiers was 16 and 25; therefore, the values of M were set to 4 and 5,
respectively, and the remaining parameters were kept as default values.

After classification, this study filtered the initial results of classification. In the first
classification results, we filtered out small pixel patches with less than 30 connected pixels,
and in the second classification result, the patches with less than 100 connected pixels were
filtered out.

4.1.4. Results of Random Forest Classification

(1) Glacier extraction result

The entire Tibetan Plateau was included in the scope of the study to obtain a complete
picture of the glaciers in the region (Figure 9). As the study area was large and the
glaciers were relatively small, it was difficult to clearly show all the glacier boundaries.
Figure 10 shows the results of some typical glaciers, including the results of the first and
second classifications.

80°0'0"E 90°0'0"E 100°0'0"E
T T |

40°0'0"N = =1 40°0'0"N

30°0'0"N = = 30°0'0"N

|:| TP boundary

. 0 105 210 420 630 840
- Extracted glacier - e s—Miles

1 1 1
80°0'0"T 90°0'0"T 100°0°0"T

Figure 9. Overall glacier extraction results on the Tibetan Plateau.
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Landsat 8 Result of the first classification

Result of the second classification

: The boundary of glaciers in the dataset

- Results of the first classification - Results of the second classification

Figure 10. Details of glacier extraction results on the Tibetan Plateau. The red line is the boundary of

glaciers in the dataset.

(2) Accuracy verification

Based on the 30% of the sample data, this study calculated the confusion matrices
of the results of the first classification and second classification (Tables 4 and 5). The
overall accuracies were 96.04 and 90.75%, and the Kappa coefficients reached 0.92 and 0.83,
respectively. The classification results of clean glaciers and glaciers in shadow were slightly

better than those of debris-covered glaciers.

Table 4. Results of the first classification verification set.

Glacier Water Body Others Total
Glacier 54 0 3 57
Water body 0 27 3 30
Others 3 1 162 166
Total 57 28 168 253
Table 5. Results of the second classification verification set.
Snow Glacier Covered with Debris Water Body Others Total
Snow 24 1 0 3 28
Glacier covered
with debris 2 92 0 21 15
Water body 0 0 37 0 37
Others 0 13 3 269 285
Total 26 106 40 293 495

4.2. Comparison and Analysis with Glacier Dataset

In this study, the classification results obtained by Double RF were compared with the
2017-2018 Glacier Catalogue Dataset in Western China (Figure 11a). Statistically, the glacier
area of the glacier dataset was approximately 47,303 km?, the total glacier area of the Tibet
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7.5

Plateau extracted by Double RF was approximately 44,653 km?, and the correctly extracted
area was approximately 39,766 km?.

95% = PGD mmPGE -s—Harmonic Mean
90%
85%
80%
75%
4.9
70%
65%
60%
& s @é @é o7 \%Q g
S Sl &7 7 N W 060\
o 43
v“&b\ » @@b\b » K Q

(2) (b)

Figure 11. Comparison of extraction results of different methods. (a) Comparison between the results
obtained by the Double RF method and the glacier dataset. The blue part represents the glaciers in
the dataset, the yellow part represents the extracted glaciers, and the intersecting part represents the
correctly extracted glaciers. The numbers above each part represent the area of the glacier in that
part, and the unit is 1000 square kilometers. (b) shows PGD, PGE. and HM for the seven methods.

To test the performance of the Double RF method, this study adopted different methods
to extract glaciers on the Tibetan Plateau. The band ratio method [8], NDSI method [6],
and RF method [9,10] are commonly used in glacier extraction. In this study, the three
methods were used for the widely used median composite image and minimum composite
image [40,41,52]. There were six methods in total: the band ratio method based on median
composite image (Median_Band) (B4/B6 > 5.0), the band ratio method based on minimum
composite image (B4/B6 > 5.0), the NDSI method based on median composite image
(Median_NDSI) (NDSI > 0.4, NDWI < 0.3), the NDSI method based on minimum composite
image (Min_NDSI) (NDSI > 0.4, NDWI < 0.6), the RF method based on median composite
image (Median_RF), and the RF method based on minimum composite image (Min_RF).
According to previous studies, the NDSI value of snow and ice in Landsat images is greater
than 0.4 [61,62], so the NDSI threshold value of this study was set to 0.4, while the NDWI
threshold value and B4/B6 threshold value were good results obtained through continuous
manual attempts. Therefore, this study used Double RF and six commonly used methods
to extract glaciers on the Tibetan Plateau and analyzed the extraction results.

As shown in Figure 11b, the PGD, PGE, and HM of the Double RF method were
84.07%, 89.06%, and 86.49%, respectively. The PGD values of the glacier extraction results
of the six commonly used methods, namely Median_Band, Min_Band, Median_NDS]I,
Min_NDSI, Median_RF, and Min_RF, were 79.78%, 80.93%, 83.05%, 82.42%, 83.69%, and
81.57%, respectively; the PGE values were 79.18%, 81.46%, 83.92%, 85.81%, 84.06%, and
89.53%, respectively; and the HM values were 79.48%, 81.19%, 83.48%, 84.08%, 83.87%,
and 85.36%, respectively. Therefore, the HM of the method proposed in this study was
the highest, indicating that Double RF results in the best in glacier information extraction,
which can achieve high-precision glacier extraction on the Tibetan Plateau.

4.3. Spatial Distribution of Glaciers on the Tibetan Plateau
4.3.1. Glacier Area Distribution
According to the extraction results of the Double RF method proposed by this study,

the glacier area of the Tibetan Plateau in 2018 was approximately 44,653 km?, and the
area of debris-covered glaciers obtained by the second classification was approximately
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750 km?2. To clearly determine the distribution characteristics of the glacier scale, the glacier
area was divided into five grades [10]: <1 km?, >1 km? and <5 km?, >5 km? and <10 km?,
>10 km? and <20 km?, and >20 km?. The number of glaciers in each grade was computed
(Figure 12a). According to the result, the number of glaciers with an area of <1 km? was the
greatest, and the number of glaciers with an area >20 km? was the lowest, accounting for
16.88% and 28.7% of the total area (Figure 12b).

@ 2990, 1:42% 0.91%

28.70%
12.68%
13 24%
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Figure 12. Statistics of glaciers of different sizes on the Tibetan Plateau: (a) the percentage of the
number of glaciers of different sizes; (b) the percentage of the area of glaciers of different sizes.

4.3.2. Spatial Distribution Characteristics

The elevation, slope, and aspect data were calculated from the DEM data (SRT-
MGL1_003), and they were superimposed with the glacier extraction result data to analyze
the spatial distribution characteristics of the glaciers (Figures 13 and 14). To clearly identify
the characteristics of the elevation distribution of the debris-covered glaciers, we expanded
the area of this part of the glaciers 50-fold (Figure 13b).
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Figure 13. Elevation distribution of glaciers: (a) the elevation distribution of all glaciers; (b) the
elevation distribution of clean glaciers, glaciers in shadow, and debris-covered glaciers.

When analyzing the distribution characteristics of glaciers at different elevations, it
was found that the glacier elevations in the study area showed similar characteristics of a
normal distribution. With an increase in altitude, the distribution area of glaciers gradually
increased. After the altitude exceeded 5500 m, the distribution area of the glaciers gradually
decreased as the altitude continued to increase. In the elevation distribution, the elevation
of debris-covered glaciers was lower than that of clean glaciers and glaciers in shadow.
The elevations of clean glaciers and glaciers in shadow were mainly distributed between
4500 m and 6500 m, whereas debris-covered glaciers were mainly distributed in the
3500-6000 m range.
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Figure 14. Percentages of the two types of glaciers at different slopes (a) and different aspects (b).

The slope of the glaciers in the study area was mainly concentrated in the range from
0-30°, and the number of glaciers in this interval accounted for more than 95%. This was
because the slope was too steep and not conducive to the formation of glaciers. The slopes
of clean glaciers and glaciers in shadow were mostly less than 50°, whereas the slopes of
debris-covered glaciers were mostly less than 40°. This observation provides a reference
for distinguishing debris-covered glaciers. In the aspect distribution, all glaciers showed
consistency, regardless of whether they were debris-covered glaciers, clean glaciers, or
glaciers in shadow; generally, there were fewer glaciers where the slope faces south (180°).

5. Discussion
5.1. Glacier Extraction in Special Areas

Glacier identification is easily affected by shadows, debris, glacial lakes, and so on.
For glaciers in alpine areas, remote sensing images usually have large mountain shadows,
which cause the amount of information reflected by objects on the ground to be lost or
disturbed; the reflectivity of remote sensing image data is low and difficult to interpret
in these regions (Figure 5). These shadows include mountain shadows and shadows
caused by cloud cover. Studies have shown that supervised classification methods cannot
effectively identify glaciers in shadows [63]. Failure to identify glaciers in shadow may
lead to erroneous estimates of the glacier contours. In this study, band difference index,
traditional band ratio, NDS], etc., were input into the classifier as feature vectors, and the
results were obviously improved, but there were still a few misclassifications. Therefore, it
is still an arduous task to identify glaciers in shadow areas in large-scale glacier extraction
in alpine regions.

Although the thermal infrared band of optical images can be used to identify debris-
covered glaciers [17,18], this is not necessarily applicable to the Tibetan Plateau because
of its thick debris coverage [64]. In this study, it was found that it is difficult to extract
complete glaciers on a large scale using only RF classification because it is difficult to
make a decision when synthesizing an image. If the median synthesis is used, the snow
cover will cause confusion. If the minimum synthesis is used, the snow cover is excluded;
however, the debris-covered glaciers are difficult to distinguish from surrounding rocks.
Therefore, the Double RF method was proposed to extract complete glaciers. The accuracy
of extracting debris-covered glaciers on the Tibetan Plateau was over 90%. This method not
only weakens the influence of snow but also enhances the difference between the debris-
covered glaciers and surrounding rocks. However, this method is still not completely
accurate; the accuracy of this method can be improved via manual correction to obtain a
more accurate glacier boundary.
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Figure 15 shows the extraction results of seven glacier extraction methods for glaciers
in shadow (a), debris-covered glaciers (b), and glacial lakes (c). According to the yellow
or black labels, it can be seen that only the Double RF method could effectively extract
the debris-covered glacier and avoid the interference of shadow and glacial lakes. None
of the other six methods adequately identified these special areas. Among the other six
methods, the results of the RF method were better than the band ratio and NDSI method on
the whole, because the input features of the RF method in this study were the 25 features
we constructed, including the multi-temporal minimum band ratio and band difference
index proposed in this study. Even though these methods are very effective for clean glacier
extraction, they are all affected by shadows or glacial lakes to varying degrees, and the
Double RF method avoids their interference to some extent in the first classification.

(a) Min_Band

(b) Double RF Median_Band Min_Band

Landsat 8

Figure 15. Cont.
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Figure 15. Extraction results of glaciers in shadow (a), debris-covered glaciers (b), and glacial lakes

Landsat 8

(c) using seven methods. The red line is the glacier reference boundary of glacier dataset. The parts
circled in black or yellow lines are glaciers in shadow, debris-covered glaciers, and glacial lakes.

5.2. Factors Affecting Classification Accuracy
5.2.1. Selection of Features and Samples

To avoid a dimension disaster, the critical features were selected via the explain()
method; however, this may not be the most effective method, because there may be a
correlation between the selected features, resulting in information redundancy. Therefore,
selecting important features with a low correlation is beneficial for improving the efficiency
of the classifier.

Both supervised classification and unsupervised classification need to manually take
samples or use other people’s sample datasets. This study selected samples based on
artificial visual interpretation. During the sampling process, errors caused by human factors
should be avoided as much as possible. To improve the accuracy of the RF classification,
high-resolution remote sensing images (high-score series or Sentinel series data) can be
used for visual interpretation to obtain accurate sample data.

5.2.2. DEM Accuracy

The DEM accuracy is a key factor that directly affects the topographic features of
glaciers. The slope, aspect, and elevation features used in this study were derived from the
SRTMGL1_003 DEM data. The situation of the glacier surface and surrounding environ-
ment is very complicated, and the 30 m resolution DEM may not reflect the key surface
features [18].

5.2.3. Cloud Cover

Figure 16(al) shows the false color composite image of Landsat 8, but there are a large
number of white clouds in this area, which makes it difficult to identify glaciers. Even
so, the Double RF method proposed in this study achieved a good classification result,
which was almost unaffected by clouds (Figure 16(a2)). However, the pixels covered by
clouds in the study area were not completely excluded in the experiment. Moreover, in this
classification system, the shadow caused by cloud cover could also affect the classification
results to a certain extent. In future research, we should pay special attention to the impact
analysis of clouds. Microwave data has the ability to penetrate clouds and is not affected
them. Therefore, it is possible to consider using microwave data to replace the pixel-by-pixel
composite images in future studies.
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Figure 16. Influences of cloud cover and snow cover. The black and yellow circles refer to clouds and
snow, respectively.

5.2.4. Snow

In previous studies, physical observation and expert knowledge have aided in iden-
tifying glaciers. However, it is difficult to remove seasonal snow from remote sensing
satellite images [65]. In this study, we adopted the following measures to reduce the impact
of seasonal snow: first, only satellite images in summer were used; second, we input the
multi-temporal minimum band ratio index as a classification feature into the RF classifier
for classification; third, the minimum synthetic image was used for the first classification
to reduce the influence of snow cover. This series of treatments made our work almost
unaffected by seasonal snow (Figure 16(b1) and Figure 16(b2)). Even so, permanent snow
could not be distinguished by this method, as the spectral features of permanent snow
are very similar to those of glaciers, and we could only rely on texture features to assist
extraction. Because of these difficulties, it can be seen from this study that the Double RF
method is highly suitable for the mapping of glaciers in high mountainous areas.

6. Conclusions

In this study, a new automatic extraction method of glaciers in high-altitude areas was
constructed, which reduced the influences of mountain and cloud shadows, cloud coverage,
and seasonal snow cover in traditional monitoring, improved the identification accuracy of
glaciers in shadows and glaciers covered with debris, and realized full-automatic large-scale
glacier mapping.

To accurately realize glacier mapping, this study extracted complete glaciers in two
steps: clean glaciers and glaciers in shadow were initially extracted followed by debris-
covered glaciers. The detailed steps of glacier extraction include pre-processing, feature
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construction and selection, classification, and accuracy verification. In the two classifica-
tions, we used the minimum composite image and the median composite image, which
weakened the influence of snow cover and enhanced the difference between the glacier
covered with debris and surrounding rocks. We also proposed two new indexes for ran-
dom forest classification, namely the reflectivity difference index for identifying glaciers in
shadow and glacial lakes and the multi-temporal minimum band ratio index for reducing
the influence of snow cover. Finally, we applied this method to the extraction of glaciers
on the Tibetan Plateau. The verification results based on 30% sample points showed that
the overall accuracies of the first and second classification were 96.04% and 90.75%, re-
spectively, and Kappa coefficients were 0.92 and 0.83, respectively. Compared with the
glacier dataset, the PGD, PGE, and HM of the Double RF method were 84.07%, 89.06%, and
86.49%, respectively. These results were obviously superior to the commonly used glacier
extraction methods, indicating that this glacier classification method had higher robustness
and accuracy.

The Double RF method proposed in this study can be used for future glacier mapping
in other alpine regions. The machine-learning classification method has the advantage
of being transferable to other regions and datasets. In the future, we will integrate deep
learning-based methods into automatic feature extraction, which can reduce the manpower
required for manual feature construction and help improve the accuracy of glacier mapping.
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