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Abstract: The monitoring of lake waterbody area in the Qinghai Tibet Plateau (QTP) is of great sig- 18 

nificance to deal with global climate change. As the latest generation of Landsat series satellites, 19 

Landsat-9 data not only have higher radiometric resolution, but also cooperate with other Landsat 20 

satellites to greatly improve the temporal resolution. It has great application potential in lake wa- 21 

terbody area monitoring. In order to explore the performance of different algorithms for extracting 22 

waterbody and lake waterbody area in Landsat-9 data under large-scale QTP regions, this study 23 

relies on Google Earth Engine (GEE) platform and selects 10 waterbody extraction algorithms as the 24 

basis to realize the quantitative evaluation of QTP lake waterbody area extraction results. The re- 25 

sults show that the Random Forest (RF) algorithm performs best in all models. The overall accuracy 26 

of waterbody extraction is 95.84%, and the average error of lake waterbody area extraction is 1.505%. 27 

Among the traditional threshold segmentation waterbody extraction algorithms, the overall accu- 28 

racy of the NDWI waterbody extraction method is 89.89%, and the average error of lake waterbody 29 

area extraction is 3.501%, which is the highest performance model in this kind of algorithms. This 30 

study proves that Landsat-9 data can effectively classify QTP waterbodies. With the development 31 

of cloud computing technologies such as Gee, more complex models such as RF can be selected to 32 

improve the extraction accuracy of water body and Lake area in large-scale research.   33 

Keywords: Landsat-9 data; Qinghai-Tibet Plateau; Lake Waterbody; GEE; Algorithms comparison 34 

 35 

1. Introduction 36 

The Qinghai-Tibet Plateau (QTP), referred to as ‘water tower of Asia’, is the birth- 37 

place of many major rivers in Asia, such as the Yangtze River, the Yellow River. It is about 38 

2.6 million km2 in area and most of it lies at an evaluation of more than 4 km above sea 39 

level [1]. The unique alpine terrain of the QTP has blocked and raised the warm and hu- 40 

mid South Asian monsoon [2], forming rich water resources reserves in the region. The 41 

QTP contains approximately 1400 lakes of area larger than 1 km2, with a total area of about 42 

50000 km2, which is one of the most densely distributed areas of lakes in the world [3–5]. 43 

Studies have shown that the QTP is one of the most sensitive regions to global climate 44 

change, and the lakes, which are located in closed inner flow areas, are less affected by 45 

human activities and are outposts of the cryosphere and climate change [6,7]. Accurately 46 
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depicting the lake area of the whole QTP is one of the concerns of the Intergovernmental 47 

Panel on Climate Change (IPCC, https: //www.ipcc.ch/srocc/), which helps to enhance the 48 

understanding of climate change under the background of global warming through the 49 

temporal and spatial changes of lake water bodies in the plateau. It provides scientific 50 

support for the protection and development of ecological resources in the QTP lake area 51 

and the adoption of climate change countermeasures. 52 

However, the traditional method of extracting the lake area by directly measuring 53 

water level and shoreline has a high cost, poor timeliness, and spatial accessibility. Due to 54 

the way monitoring data is acquired and stored varies from site to site, it is difficult to 55 

meet the requirements of current global change research on the integrity of hydrological 56 

monitoring data [8,9]. Because of its advantages of wide spatial coverage, strong 57 

cyclicality and low cost, remote sensing has become an important means of lake 58 

waterbody area extraction, and has also greatly promoted the dynamic monitoring of lake 59 

area on the QTP. From the perspective of data, satellite remote sensing provides a large 60 

number of multi-source data with long-term series and high-spatial resolution. The data 61 

sources commonly used in the research mainly include MODIS [10,11], Landsat [12–14], 62 

SPOT [15,16], ALOSE [17], ASTER [18,19], HJ-1A/1B [20,21], WorldView [22,23], 63 

QuickBird [24], IKONOS [25], GaoFen [26,27], ZY-3 [28,29], SAR [30] and hyperspectral 64 

data [31,32]. In addition, optical remote sensing imagery is the primary source of data for 65 

the extraction of water features, in particular, Landsat-9 data with high-spatial resolution 66 

and long-time series, which is freely available from the U.S. Geological Survey (USGS, 67 

http://glovis.usgs.gov/) and is the first choice data of most researches [33]. Landsat-9 data, 68 

which is accessible by the USGS on February 10, 2022, is basically identical in band setting 69 

to the Landsat 8 sensors, and include higher radiometric resolution (14-bit quantization 70 

increased from 12-bits for Landsat 8), which means that Landsat-9 is more theoretically 71 

sensitive and more probing. Since Landsat-9 is matched with Landsat 8 in track design, if 72 

the two data are combined for analysis, the temporal resolution could be improved from 73 

16 days to 8 days [34]. However, at present, there is no comprehensive research on water 74 

area extraction in QTP based on landsat-9 data. The research on water extraction based on 75 

landsat-9 data is of great significance to the protection and development of ecological 76 

resources in QTP lake area. 77 

At present, many scholars have proposed various lake water feature extraction 78 

models for different application scenarios with multiple data, which can be mainly 79 

divided into the single-band threshold method, spectral relation method, water index 80 

method, machine learning and multiple model assisted synthesis method [35]. The single- 81 

band threshold method mainly uses the difference in reflectance between waterbodies 82 

and other ground objects in the infrared band, and selects water features with thresholds, 83 

which is widely used when early remote sensing data is scarce. For example, Frazier et al. 84 

[36] used the threshold method to extract the waterbody of Wagga Lake with the TM4, 85 

TM5 and TM7 bands, and the results showed that the extraction method with TM5 band 86 

was better. The spectral relation method mainly extracts the waterbodies by analyzing 87 

spectral curves of the characteristic band on multiple ground objects and constructing 88 

logical classification rules. For example, Du et al. [37] and Yang et al. [38] extracted the 89 

waterbody information by building a logical relation based on the characteristics of the 90 

gray value of the waterbody, and the difference in reflectivity degradation between the 91 

waterbody and shadow in the blue-green band, respectively. The spectral relation method 92 

can better distinguish between waterbodies and mountain shadows, but the anti-noise 93 

interference ability is poor, and it is susceptible to the influence of non-water noise such 94 

as vegetation and buildings, which is the same as the single-band threshold method. The 95 

water index method uses the bands with water reflection difference to construct the ratio 96 

operation, which suppresses the vegetation information, weakens the influence of soil, 97 

buildings and shadows, and highlights the water information. Since Mcfeeters [39] 98 

proposed NDWI (Normalized Difference Water Index), many scholars have proposed a 99 

variety of improved water index according to different background features and water 100 
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characteristics, such as MNDWI (Modified Normalized Difference Water Index) [40], EWI 101 

(Enhanced Water Index) [41], AWEI (Automated Water Extraction Index) [13], SWI 102 

(Shadow Water Index) [42] and LSWI (Land Surface Water Index) [43] and have driven 103 

the rapid development of water information extraction research [44–46]. Although the 104 

water index method are simple to operate and can eliminate shadows such as mountains, 105 

buildings, and vegetation, recognition errors of small water bodies and the boundaries 106 

between water and land are large. The machine learning method regard water bodies as 107 

a category, using specific classification rules to classify them to obtain water features. 108 

Machine learning methods such as Minimum Distance (MD) [47], Decision Tree (DT) [48], 109 

Support Vector Machine (SVM) [49], Neural Network (NN) [50], Random Forest (RF) [51] 110 

and Deep Learning (DL) [52] are widely used. Machine learning algorithms realize the 111 

effective use of spatial and texture information of high-spatial resolution images, and has 112 

a good effect on the extraction of small water bodies, but the process is relatively complex. 113 

For example, Sui et al. [53] integrated three modules of embryo water extraction, iterative 114 

segmentation and change detection with the help of GIS technology to realize the 115 

automation of water extraction process; and Qiao et al. [54] proposed an adaptive 116 

extraction method of “whole-local” progressive spatial scale transformation based on 117 

NDWI, and combined with spectral feature fitting method and iterative algorithm to 118 

accurately extract the lake range. Multiple model assisted synthesis method is to 119 

synthesize a variety of models and methods to solve the problem of water extraction in 120 

large-scale and complex background scenes, but the process is complex and the 121 

generalization ability of the model is poor. By expounding and analyzing the principles, 122 

advantages and disadvantages of different water extraction methods, it is not difficult to 123 

see that the water extraction algorithm has no absolute advantages and disadvantages, 124 

and the consistency with the data source and applications will also affect the accuracy of 125 

the algorithm. Previous studies have shown that the traditional NDWI method has a good 126 

performance in water extraction of the QTP region [55], but the relevant conclusions are 127 

not clear for Landsat-9 imagery under the background of large-scale plateau region. 128 

Therefore, the comparative study of large-scale QTP lake extraction algorithms based on 129 

Landsat-9 images has certain practical significance, and can provide a useful reference for 130 

the future researches. 131 

To sum up, the research on remote sensing extraction of spatial distribution 132 

information of lakes in the QTP has important scientific significance for coping with global 133 

climate change. Although water extraction algorithms based on different resolutions and 134 

types of remote sensing data combined with different principles have been widely used 135 

in water information extraction, there has not been a comparative study of Plateau Lake 136 

area extraction algorithms based on landsat-9 images. Therefore, this paper uses Google 137 

Earth Engine （ https://developers.google.cn/earth-engine ） [57, 58, 59], which has 138 

significant advantages in high spatial-temporal resolution and large-scale water 139 

extraction, to carry out a comparative study of landsat-9 lake area extraction in 140 

combination with 10 widely used water extraction algorithms (including a single band 141 

threshold extraction algorithm, two spectral correlation algorithms, four water index 142 

algorithms and two machine learning algorithms). Through comparative research, 143 

quantitatively evaluate the consistency between different algorithms and landsat-9 data 144 

in the plateau lake extraction scene, so as to determine the algorithm for large-scale 145 

plateau lake area extraction suitable for landsat-9, and provide some reference and 146 

suggestions for further research in subsequent related fields. 147 

2. Materials 148 

2.1. Study region 149 

The QTP region as shown in Figure 1, is our study area, which locates between 150 

67°40′37″E~104°40′57″E and 25°59′30″N~40°1′0″N. The total area of the region is over 3mil- 151 

lion km2, with an average altitude of about 4320 m, and it spans nine countries including 152 
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China, India, Pakistan and Afghanistan[62]. This region is an important water resource 153 

reserve area in China. The annual outbound water volume of the rivers in Southwest 154 

China, which mainly originate here, accounts for about 95% of China's total annual water 155 

consumption (2020). In addition, there are many lakes in the region, with a total area of 156 

about 50000 km2, accounting for more than half of the lake area in China [3,5]. 157 

 158 

Figure 1. Study region and dataset. (a) Locations of the study area and the Terrain characterize. 159 
Study area boundary data were mainly based on TPBoundary_2021. The major river data were col- 160 
lected from HydroRIVERS. The lake data were based on TPLA_V3. The topographic data were pro- 161 
duced by NASA-provided SRTM DEM [59]; (b) The Landcover data source was ESA_WorldCover; 162 
(c) Landsat-9 images coverage in the study area were based on L9C2_SR. 163 

2.2. Dataset 164 

Landsat-9 satellite was successfully launched on September 27, 2021, and Landsat 9 165 

data was publicly available on February 10, 2022. Landsat-9 satellite carries the 166 

Opera­tional Land Imager (OLI) and the Thermal Infrared Sensor (TIRS). The radiometric 167 

resolution of the sensor is improved to 14-bit quantization. Landsat-9 orbit has time inter- 168 

val with Landsat-8 and Sentinel-2 orbit, so multi-source data analysis can be carried out 169 

to improve time resolution [34]. This study uses the Landsat 9 Collection 2 Surface Reflec- 170 

tance (L9C2_SR) which has been geometrical and radiometric corrected by USGS and 171 

downloaded on the GEE platform. L9C2_SR provides data for eight spectral bands with a 172 

ground sampling distance (GSD) of 30-meters(m), includes ultra-blue (0.435-0.451 μm)、 173 

blue (0.452-0.512 μm)、green (0.533-0.590 μm)、 red (0.636-0.673 μm), near infrared 174 

(0.851-0.879 μm)、shortwave infrared 1 (1.566-1.651 μm), shortwave infrared 2 (2.107- 175 

2.294 μm)and surface temperature (10.60-11.19 μm) bands. In this study, 1211 Landsat-9 176 
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images with a time span from January 1, 2022 to April 30, 2022 were mosaic to obtain high- 177 

quality images covering the whole study area. The images coverage are shown in Figure 178 

1 (c). The whole study area has image coverage, with a minimum of 6 times and a maxi- 179 

mum of 45 times. 180 

In addition, the following datasets were also used in this study: the QTP lake dataset 181 

(V3.0) (TPLA_V3, http://data.tpdc.ac.cn) [60,61], QTP boundary data (TPBoundary_2021， 182 

http://www.geodoi.ac.cn) [62], WorldCover data with 10-m spatial resolution published 183 

by European Space Agency (European Space Agency WorldCover 10 m 2020 product, 184 

ESA_WorldCover, https://zenodo.org/record/5571936), Global River Water data released 185 

by WWF Conservation Science Program and USGE in conjunction with a number of sci- 186 

entific institutions (vectorized line network of rivers, HydroRIVERS) [63]. Among them, 187 

TPLA_V3 data was used as the ground-truth value to generate lake samples for threshold 188 

determination and accuracy validation; TPBoundary_2021 data was used to determine the 189 

research regions; ESA_WorldCove was used to generate samples for machine learning 190 

algorithm classification; HydroRIVERS combined ESA_WorldCover to construct non-lake 191 

waterbodies for post-classification processing. 192 

 193 

3. Methods 194 

The step-wise progression of waterbody area extraction is illustrated in Fig. 2 and 195 

encompasses four steps: data collection and data processing, classification, and evaluation. 196 

Step 1: Landsat-9 images, the lake data, the river data and landcover data were col- 197 

lected as input data. 198 

Step 2: The Landsat-9 images were processed by removing clouds and shadows, and 199 

mosaicked into a de-cloud map. The remaining data were used to generate lake samples, 200 

landcover samples and non-lake water regions, and finally formed the data pre-pro- 201 

cessing results. 202 

Step 3: The model parameters and the thresholds were adjusted according to the lake 203 

and landcover samples. Based on specific model parameters and thresholds combined 204 

with multiple models, waterbody extraction in the QTP study area was realized. Further, 205 

the waterbody extraction results were excluded by using non-lake waterbody data, and 206 

the lake waterbody extraction results in the study area were obtained. 207 

Step 4: Finally, we evaluated the performance of algorithms with accuracy metrics 208 

based on the extraction information derived from step 3. 209 

 210 
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Figure 2. The general workflow of the experiment. 212 
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3.1. Data preprocessing 213 

Data preprocessing includes three parts: image de-cloud mosaic, classification sam- 214 

ple construction, and non-lake water area extraction. In order to obtain high-quality 215 

cloud-free images covering the study area, cloud removal becomes the significant prepro- 216 

cessing step and has a great impact on waterbody extraction results. This study used the 217 

“CLOUD_COVER” attribute and the “QA_PIXEL” band included in the L9C2_SR to re- 218 

move clouds and cloud shadows [64]. Due to Landsat-9 level 2 products (L9C2_SR) have 219 

limited images in the time interval from January 1, 2022 to April 30, 2022, and the image 220 

cloud coverage in January and February is large. Therefore, by directly setting the attrib- 221 

utes of “CLOUD_COVER”, “QA_PIXEL” or “IMAGE_QUALITY_OLI”, simply using 222 

functions such as median and mean to mosaic cloud-free images, it will lead to poor cloud 223 

shadow removal results or the mosaic image cannot cover the study area. Through the 224 

analysis of dataset images and many comparative experiments, we found that after re- 225 

moving clouds and cloud shadows by using “QA_PIXEL” band, without 226 

“CLOUD_COVER” attribute setting and we can get mosaic images with good cloud re- 227 

moval effect and complete coverage of the study area through the following piecewise 228 

mosaic steps: adopted the minimum value in the area with revisit times less than 12; Taken 229 

the quartile in the area where the number of revisits is greater than or equal to 12 and less 230 

than 30; The median value of the area with the number of revisits greater than or equal to 231 

26 is taken for image mosaic, and the results are shown in Figure 3. 232 

 233 

Figure 3. Mosaic images under removing cloud were synthesized in false color in bands 5, 4 and 3, 234 
and stretched with 2.5 standard deviations. (a) The cloud removal mosaic image with QA_PIXEL 235 
band, IMAGE_QUALITY_OLI wat set to 9, and median function. But there are still a lot of clouds 236 
in the northwest and southeast regions. (b) The cloud removal mosaic image with QA_PIXEL band, 237 
IMAGE_QUALITY_OLI wat set to 9, and min function. The result shows that the cloud removal 238 
effect is better, but the shadow effect is enhanced. (c) he cloud removal mosaic image with 239 
QA_PIXEL band, CLOUD_COVER wat set to 20, and min function. Mosaic result cannot cover the 240 
study area and there are still some clouds obscuring the northwest. (d) The cloud removal mosaic 241 
image with QA_PIXEL band and piecewise mosaic. The results show that the cloud removal effect 242 
is relatively obvious, the shadow enhancement effect is relatively small, and the coverage of the 243 
study area is complete. 244 
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Referring to the algorithm proposed by Deng et al. [56], the ESA_WorldCover (global 245 

land cover dataset) and the TPLA_V3 QTP (lake dataset) were used for hierarchical auto- 246 

matic random sampling [57]. The details of sample construction are shown in Table 2. 247 

ESA_ Worldcover divides the land cover into 11 categories. After removing the man- 248 

groves that do not exist in the Qinghai Tibet Plateau, combined with TPLA_ V3 Lake data, 249 

generate stratified random samples. According to Landsat-9 images of Google Earth cloud 250 

removal and Sentinel-2 images of the same period with higher spatial resolution, the gen- 251 

erated random samples were manually revised to eliminate wrong samples. The samples 252 

were randomly divided into test set, training set and validation set according to the ratio 253 

of 3: 4: 3. The test set was used for the search and optimization of model hyper-parameters, 254 

the training set was used for model training, and the validation set was used for model 255 

accuracy verification. In contrast, for non-machine learning models, the test set and train- 256 

ing set were used to determine the threshold, and the validation set was used for accuracy 257 

evaluation. 258 

Table 1. Landcover samples. 259 

Landcover class Landcover ID Number  Source 

Tree cover 1 11127 ESA_WorldCover 

Shrubland 2 4345 ESA_WorldCover 

Grassland 3 13210 ESA_WorldCover 

Cropland 4 7376 ESA_WorldCover 

Build-up 5 1767 ESA_WorldCover 

Bare/sparse vegetation 6 15972 ESA_WorldCover 

Snow and Ice 7 8409 ESA_WorldCover 

Water bodies 8 41654 TPLA_V3 & ESA_WorldCover 

Herbaceous 9 2437 ESA_WorldCover 

Moss and lichen 10 10726 ESA_WorldCover 

Previous study combined the reservoir, dam database, river database and other non- 260 

lake waterbodies to extract the lake waterbody area based on the extraction results of wa- 261 

terbodies [65]. Therefore, this study combined with ESA_WorldCover、TPLA_V3 and 262 

HydroRIVERS data to establish a non-lake waterbody dataset for post-processing of wa- 263 

terbody extraction. Non-lake permanent waterbodies were obtained by a geometric union 264 

of waterbodies between TPLA_V3 and ESA_WorldCover after erasing the intersection 265 

waterbodies. The buffer regions were built according to the inter-annual variations of the 266 

lake [55], and the buffer regions were used to erase the HydroRIVERS data to obtain the 267 

river dataset. Finally, we formed the non-lake waterbody dataset for post-processing. 268 

3.2. Waterbody extraction algorithms 269 

At present, waterbody extraction algorithms such as the single-band threshold 270 

method, spectral relation method, water index method, and machine learning are widely 271 

used, especially the water index method and machine learning [48]. This study selects four 272 

water index models, two machine learning models, two spectral relationship models, and 273 

a single-band threshold model to explore the extraction results of waterbody and lake 274 

waterbody in the QTP based on Landsat-9 data and to determine the best performance of 275 

waterbody area extraction algorithms under the background of the large-scale study re- 276 

gion. The detailed information of each model is shown in Table 2. Where i  represents 277 

the band i , which refers to section 2.2. 1N  and 2N  are the experience thresholds. X , 278 

C , gamma , nt , mf  represent the feature sets, regularization parameter (known also as 279 

penalty factor), kernel width, the number of decision trees, and the number of input fea- 280 

tures used to split the nodes, respectively. 281 
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Table 2. Details of waterbody extraction algorithms. 282 

Model type Name Formulas/Parameters References 

Single-band 

threshold method 
SBT 1 1SWIR N 

 
Frazier & 

Page [36] 

Spectral relation-

ship method 

SR green 1red NIR SWIR   +  +
 

Du & Zhou 

[37] 

mSR green 1 blue 2( ) ( ) ( )red NIR SWIR green N     + − + − − 
 

Yang, et al. 

[38] 

Water indices 

model 

NDWI green green( ) / ( )NIR NIRNDWI    = − +
 

Mcfeeters [39] 

mNDWI green 1 green 1( ) / ( )SWIR SWIRmNDWI    = − +
 

Xu [40] 

AWEI 
green 1 24*( ) (0.25* 2.75* )nsh SWIR NIR SWIRAWEI    = − − +

 Feyisa , et al. 

[13] 
green 1 22.5* 1.5*( ) 0.25*sh blue NIR SWIR SWIRAWEI = + − + −      

mAWEI green 25*( ) ( 4* )NIR blue red SWIRmAWEI = − + + −      Nie, et al. [66] 

Machine learning 

model 

SVM X , C , gamma  
Razaque, et 

al. [49] 

RF X , nt , mf  Ko, et al. [51] 

 283 

3.3. Model parameters and thershoholds 284 

Previous studies have shown that the classification accuracy of machine learning 285 

models is largely dependent on model hyper-parameters [67]. In order to effectively ad- 286 

just the hyper-parameters and optimize the classification accuracy of the model, drawing 287 

on the ideas proposed by Porwal et al. [68], this study used the sklearn package which is 288 

the open-source machine learning toolkit, and the RandomizedSearchCV to search for an 289 

optimal solution in large-scale range, and then used GridSearchCV to search for a certain 290 

floating fine-tuning the hyper-parameters within the small-scale range. Further, the 5-fold 291 

cross-validation method was used to verify the classification performance of the test set 292 

on the model, and the average accuracy was regarded as the estimated value to fine-tun- 293 

ing the parameter optimization. 294 

In Table 2 of the section 3.2, SVM model uses Radial Basis Function (RBF) kernel, and 295 

needs to search and optimize the parameters of C  and gamma . Random Forests (RF) 296 

model uses Classification And Regression Trees (CART) as the basic algorithm, and nt  297 

and md  parameters need to be adjusted and optimized. 298 

Appropriate thresholds are critical for water extraction models based on threshold 299 

segmentation. The selection of thresholds has a certain randomness, which varies with the 300 

type of index, the identification scenario, and the subpixel water/non-water components 301 

[69]. The OTSU method [70] and its improved algorithms [71,72] are commonly used for 302 

water index threshold automatic extraction, which use waterbodies and near-water land 303 

to present a bimodal distribution in the frequency domain of the index, so as to set the 304 

optimal threshold to split the image into “foreground” and “background” to achieve the 305 

classification of waterbodies and non-water bodies [73]. However, for the extraction of 306 

waterbodies and lake waterbodies in the QTP region, there are two problems with this 307 

threshold algorithm. First, there is a huge difference in the proportion of waterbodies and 308 

non-water bodies area in the region, which makes it impossible to effectively classify wa- 309 

terbodies in the frequency domain when they are covered by other landcover classes [71]. 310 

Second, the area of the study region exceeds 3 million km², and the use of such threshold 311 

segmentation methods requires extremely high computing power. Therefore, this study 312 

uses lake samples to manually adjust the threshold. 313 

3.4. Evaluation metrics 314 
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In this study, the extraction accuracy of water and lakes is verified by the confusion 315 

matrix with verification set, and the performance of the above water extraction model is 316 

quantitatively evaluated through four evaluation metrics, including overall accuracy, 317 

Kappa, map-level accuracy and user’s accuracy. Among them, the overall accuracy re- 318 

flects the overall effect of the algorithm. Kappa indicates the degree of consistency be- 319 

tween the ground-truth data and the predicted value. Map-level accuracy represents the 320 

probability that the validation sample is correctly classified. The user’s accuracy repre- 321 

sents the ratio of the inspection points falling on Category i  on the classification diagram 322 

to be correctly classified as Category i  [72]. In addition, the error analysis formula is 323 

introduced to evaluate the accuracy of area extraction. 324 

= r e

r

A A

A


−
 (1) 

Where  is the error result. rA  represents the ground truth area and eA  is the area 325 

extracted by the algorithm. 326 

4. Results and discussion 327 

4.1. Parametesr and thresholds selection results 328 

4.1.1. Optimization parameters in machine learning methods  329 

For the machine learning methods, we evaluated the importance of the sample fea- 330 

tures involved in classification, reduced the redundancy between sample features, to im- 331 

prove the efficiency and accuracy of the algorithms. In the sample construction stage, we 332 

used the test dataset constructed in Section 3.1 to construct the waterbody and non-water 333 

body samples, and referred to [74] to evaluate the importance of 8 bands and 7 water 334 

indexes that participated in the calculation based on the normalized Gini index. Accord- 335 

ing to the importance score, we successively put the features into the classifier for cross 336 

accuracy verification, so as to determine the optimal feature parameters for water extrac- 337 

tion.  338 

The evaluation and selection results of characteristic parameters are shown in Figure 339 

4. Among the features represented by the horizontal axis of Figure 4, the importance score 340 

of features gradually decreases from left to right, and the features with the highest and 341 

lowest importance scores are SR_B5 and AEWIns, respectively. The low importance scores 342 

of AEWIs and AEWIns may be due to the large correlation between the indexes and other 343 

characteristics [74]. Further, according to the overall accuracy of cross validation, it can be 344 

seen that when the total number of features reaches 6, the overall accuracy reaches 93.80%, 345 

and the remaining features make less cumulative contribution to the improvement of ac- 346 

curacy. Based on the importance scores and overall accuracy results, the feature sets for 347 

water extraction methods (RF and SVM classifiers) are defined as {SR_B5, NDWI, SR_B7, 348 

mNDWI, mAEWI, SR_B6}. 349 
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 350 

Figure 4. Evaluation and selection results of characteristic parameters.  351 

In order to improve the accuracy of machine learning models, we optimized the key 352 

parameters of SVM and RF algorithms based on the above constructed feature sets. The 353 

key parameters of SVM algorithm include C regularization parameter, kernel function 354 

types and their related kernel parameters. Common kernels with SVM classifiers include 355 

polynomial kernel, Radial Basis Function (RBF) kernel, linear kernel, and more. Previous 356 

studies have shown that RBF kernel had better performance for image recognition with 357 

obvious non-linear characteristics [75]. Therefore, we selected the RBF kernel as the kernel 358 

function and optimized the parameters of C  and gamma . C  is the relaxation vector 359 

parameter in SVM classifier. When the C  value is small, the interface is smooth. On the 360 

contrary, when it becomes large, the complexity of the model will increase. Kernel param- 361 

eter gamma  defines the magnitude of the effect of a training sample, which is the recip- 362 

rocal of the width of the RBF kernel. When the gamma  value is larger, the influence on 363 

the radius is smaller, and over fitting is easy to occur. On the contrary, under fitting is 364 

easy to occur [76]. The effective range of C  value and gamma  value is 10-8~108, but in 365 

practical application, the possible optimal values are generally in the range of (0.1,100) 366 

and (0.0001,10) [77]. Therefore, we used RandomizedSearchCV function to search for the 367 

optimal parameters of C  and gamma  values in the interval of (0.1,100) and (0.0001, 10) 368 

with the multiple of 10 as the step size, and determine that the optimal values appear 369 

around 10~100 and 0.01~0.1, respectively. Then, we used the GridSearchCV function to 370 

realize grid search in steps of 10 and 0.01 between (10,100) and (0.01, 0.1). Figure 5(a) 371 

shows that the overall accuracy reaches the maximum value of 95.79% when 40C =  372 

and 0.04gamma = . Therefore, the SVM classifier will be trained with these parameters 373 

in the experiment. 374 

As an ensemble learning classifier, the random forest (RF) classifier is widely used in 375 

remote sensing information extraction. Randomness in RF is mainly reflected in the ran- 376 

dom selection of datasets and features used in each tree. The corresponding parameters 377 

are the number of decision trees ( nt ) and the maximum number of features ( mf ) to be 378 

selected for the node split when growing the trees [78]. When nt  is larger, more decision 379 

trees are involved and the algorithm is more complex. The mf  parameter allows each 380 

tree to be trained to use only some features at random, reducing the overall operation 381 

while also allowing each tree to focus on the features it chooses. The researches show 382 

that larger nt  and mf  will reduce the randomness and operation efficiency of the RF 383 

model and contribute less to the improvement of accuracy. Generally, the values of nt  384 
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and mf  will not exceed 1000 and 50, respectively [78,79]. As mentioned above, two pa- 385 

rameters need to be set in order to produce the forest trees in this study. According to 386 

optimization methods of the parameters in SVM, we determine that the optimal values of 387 

nt  and mf  appear around from 80 to 100, and from 5 to 15, respectively. We performed 388 

grid search on the parameters in steps of 2 and 1, respectively. Figure 5(b) shows that the 389 

overall accuracy reaches the maximum value of 94.97% when 90nt =  and 6mf =  or 390 

100nt =  and 10mf = . Considering that larger nt  and mf  will increase the com- 391 

plexity of the RF model and reduce the generalization ability of the model, 90nt =  and 392 

6mf =  are selected as RF parameters. 393 

 394 
Figure 5. Optimization of characteristic parameters based on grid search. 395 

 396 

4.1.2. Selection of waterbody extraction thresholds 397 

For the samples of the test set and training set constructed in Section 3, we extracted 398 

the corresponding waterbody index information. We combined the sample labels and wa- 399 

terbody index information to generate confusion matrix, quantitatively verify the accu- 400 

racy of waterbody extraction with different thresholds, and explore the best segmentation 401 

threshold for different waterbody indexes to improve the accuracy of waterbody extrac- 402 

tion and reduce the subjectivity and contingency of the artificially threshold. In order to 403 

divide the threshold, we rewrite the formula of the two spectral relationship algorithms 404 

into the equation form: green 1)red NIR SWIRSR    = + +（ ）-（  and 405 

green 1 blue( ) ( ) ( )red NIR SWIR greenmSR      = + − + − − . Among the 8 waterbody ex- 406 

traction models based on threshold segmentation, except for the single band threshold 407 

(SBT) extraction algorithm, which defines the area less than the threshold as waterbodies, 408 

the other models define the area greater than the threshold as waterbodies The variation 409 

of waterbody extraction accuracy of each algorithm model with the thresholds is shown 410 

in Figure 6. 411 

In the overall accuracy of waterbody extraction results based on the threshold seg- 412 

mentation models, it can be found that except for the SBT model, the best overall accuracy 413 

of other threshold segmentation models for water extraction has reached more than 70%. 414 

The NDWI threshold segmentation model has the highest overall accuracy for waterbody 415 

extraction at 83.62%, followed by mAEWI (82.02), AEWIs (76.89%), AEWIns (75.21%), 416 

mNDWI (74.90%), SR(74.51) and mSR (71.32%). The ranking of the overall accuracy of 417 

waterbody extraction results is highly consistent with the conclusions obtained in the pre- 418 

vious study [55]. The SBT model relies on the low reflection of water at the 1.5~1.6μm 419 

spectrum to extract waterbody, but 1.5~1.6μm spectrum is also at the absorption peak of 420 

vegetation [37]. As shown in Figure 6(a), it can be seen that the threshold selection of - 421 

0.0137 cannot effectively distinguish water from landcover class 1 (Tree) and class 3 422 
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(Grassland), so its overall accuracy is only 58.09%. In addition, when the threshold value 423 

is -0.06, the overall accuracy of SBT extraction result reaches the highest, at 63.77%. How- 424 

ever, there are a large number of true negative (TN) samples in this waterbody extraction 425 

result, and all samples are classified as non-water bodies, so the threshold segmentation 426 

results fail to reach the requirements of waterbody extraction. 427 

Additionally, the optimal segmentation thresholds selected by the overall accuracy 428 

can effectively distinguish waterbodies from other landcover classes except snow and ice, 429 

which can be mutually confirmed with some conclusions of reaches [55,80]. At the same 430 

time, it also shows that the threshold selection method based on the overall accuracy has 431 

high accuracy. By analyzing the selection of threshold values of each model, it can be seen 432 

that the thresholds of mAEWI, SR, mSR, AEWIs and AEWIns models are close to zero, 433 

which are -0.0085, 0.0086, 0.00189, 0.0397 and 0.0233, respectively, with strong anti-inter- 434 

ference, consistent with the principle of each algorithm design [13,37,38,66]. 435 

Finally, comparing the blue boxes in Figure 6(e) and (f), it can be seen that when the 436 

thresholds of NDWI and mNDWI models are close to -1 and 1, the overall accuracy is 437 

significantly distorted. This is because there are a large number of abnormal values higher 438 

than 1 and some lower than -1 in the waterbody samples when using the surface reflection 439 

data for the division band operation. During the abnormal value processing, the values 440 

greater than 1 and less than -1 are reclassified as 1 and -1, resulting in the accumulation of 441 

a large number of waterbody samples at the thresholds of 1 and -1. The occurrence of a 442 

large number of outliers may be due to the use of min function in major areas during band 443 

cloud removal synthesis, which expands the shadow effect and leads to the increase of 444 

abnormal low values. 445 
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 446 

Figure 6. The overall accuracy of the waterbody extracted by the threshold segmentation. The bot- 447 
tom X-axis represents the Landcover code (as shown in Table 1), corresponding to the Y-axis on the 448 
right and the box diagram in the figure, reflecting the distribution of samples of different landcover 449 
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classes. In these box diagrams, boxes are interquartile ranges. Whiskers indicate the 1.5 times inter- 450 
quartile range. The horizontal line and cross sign in boxes represent the median and mean respec- 451 
tively. The top X-axis is matched with the left Y-axis to reflect the overall accuracy of segmentation 452 
results using different thresholds. The red dotted line intersection coordinates represent the best 453 
threshold and its overall accuracy of the model, and the yellow dotted line represents the position 454 
of the best segmentation threshold on the box diagram. 455 

4.2. Analysis of waterbody extraction results 456 

Based on the above optimization results of machine learning model parameters, we 457 

used the training samples to train and classify the SVM classifier and RF model, reclassi- 458 

fied the results into waterbodies and non-water bodies, and calculated the confusion ma- 459 

trix on the validation set to evaluate the accuracy of waterbody extraction. Based on the 460 

above selected waterbody segmentation thresholds, we used each threshold segmentation 461 

model to extract waterbody, and used the validation set to verify the accuracy of the ex- 462 

tracted results. 463 

The accuracy validation results of the confusion matrix are shown in Table 3. By an- 464 

alyzing the overall accuracy of different algorithms, it can be seen that the accuracy vali- 465 

dation results are highly consistent with the results of parameter optimization and thresh- 466 

old selection. On the one hand, RF and SVM algorithms have the highest classification 467 

accuracy, achieving an overall accuracy of over 95%, which is significantly better than 468 

other threshold segmentation waterbody extraction algorithms which are essentially lin- 469 

ear segmentation algorithms in the spectral domain, while the RF and SVM with RBF ker- 470 

nel can realize the non-linear segmentation extraction in the spectral domain by using 471 

ensemble learning and non-linear kernels, which have stronger adaptability and general- 472 

ization to the non-linear spectral domain features of different landcover classes. On the 473 

other hand, the order of the overall accuracy of each threshold segmentation waterbody 474 

extraction algorithm is consistent with the threshold selection results, and generally has 475 

an improvement of about 5%, and the overall accuracy of SBT model has increased by 476 

about 10%. This is due to the fact that in the threshold segmentation waterbody extraction 477 

algorithms, the landcover classes of Ice and snow, Moss and lichen, Tree cover (as shown 478 

in Figure 6), which are greatly confused with the waterbody threshold, account for a large 479 

proportion in the samples. When selecting thresholds, we selected 70% of the samples to 480 

calculate the overall accuracy. The sample imbalance is large, and the overall accuracy is 481 

low. The data set used for validation accounts for 30% of the samples, and the sample 482 

imbalance is reduced, so the overall accuracy is improved. 483 

Additionally, analyzing the user’s accuracy and producer’s accuracy of different 484 

models, it can be seen that almost all models have relatively high producer’s accuracy and 485 

low user’s accuracy of waterbody extraction, while the user accuracy of non-water bodies 486 

is high and the producer’s accuracy is low. This shows that in large-scale regions of the 487 

QTP, the omission error of waterbody extraction is not high, and the commission error is 488 

mainly concentrated in the misclassification of a large number of non-water bodies (Ice, 489 

Snow, Vegetation and shadows) into waterbodies. Comparing the kappa coefficients of 490 

different models, it can be seen that the prediction results of machine learning models are 491 

highly consistent with the actual results, indicating that the models are relatively stable. 492 

In the threshold segmentation waterbody extraction algorithms (except NDWI and mA- 493 

EWI), the predicted results are less consistent with the actual results, indicating that the 494 

models are highly random and unstable. 495 

Finally, compared with other threshold segmentation waterbody extraction studies 496 

[13,36–39,55], it can be seen that accuracy of threshold segmentation waterbody extraction 497 

models in this paper is relatively low. Comparing the experimental design and process of 498 

each study, we consider that there are two main reasons for this phenomenon. The first 499 

reason is the scale. Compared with other studies, the range of threshold segmentation 500 

waterbody extraction in this study exceeds 3 million km2, is larger and the background 501 

structure is more complex, so the accuracy of waterbody extraction is reduced. The second 502 
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reason is the data pre-processing in this study. In order to reduce the cloud cover and 503 

improve the coverage of the Landsat-9 images to the study region, the method of seg- 504 

mented synthesis is used in this experiment by using the min function, which produces 505 

some low-value noise and reduces the data quality, thus affecting the accuracy of thresh- 506 

old segmentation of waterbody extraction. It should be emphasized that the generation of 507 

low-value noise is balanced for various models. Although it will affect the accuracy of 508 

waterbody extraction, it does not affect the reliability of algorithm comparison results. 509 

Table 3. Accuracy of waterbody extraction with different models. 510 

Model Cover type Producer’s accuracy (%) User’s accuracy (%) Overall accuracy (%) Kappa coefficient 

SBT 
Non-water 64.21 85.97 

68.93 0.5331 
Water 75.42 52.01 

SR 
Non-water 74.75 89.99 

76.26 0.4880 
Water 79.91 56.69 

mSR 
Non-water 70.36 91.34 

74.31 0.4663 
Water 83.87 53.92 

NDWI 
Non-water 87.81 97.66 

89.89 0.7720 
Water 94.91 76.31 

mNDWI 
Non-water 77.41 87.35 

76.09 0.4654 
Water 72.89 57.16 

AWEIns 
Non-water 80.42 93.57 

82.24 0.6099 
Water 86.64 64.67 

AWEIs 
Non-water 78.73 97.24 

83.37 0.6461 
Water 94.59 64.79 

mAWEI 
Non-water 94.52 88.57 

87.50 0.6828 
Water 70.50 84.19 

SVM 
Non-water 95.60 99.55 

96.59 0.9198 
Water 98.96 90.30 

RF 
Non-water 95.21 98.87 

95.84 0.9021 
Water 97.36 89.38 

In order to more intuitively show the effect and performance of each model for water 511 

extraction, this study selects Qinghai LakeYamzho (the largest lake in the QTP), Yumco 512 

Lake (complex lake bay morphology), Yellow River (complex river morphology and back- 513 

ground) and Brahmaputra River (complex river morphology and background) to com- 514 

pare the results of lake waterbody extraction. The white oval areas on the imageries in 515 

Figure 7 are A1, A2, A3, a4, A5, A6, A7, A8 and A9 from left to right. Comparing the deep- 516 

water areas from A1 to A5 that are prone to omission error, it can be seen that SVM and 517 

RF algorithms can well identify and extract these waterbody areas, while the threshold 518 

segmentation waterbody extraction algorithm has more omission errors. However, NDVI 519 

and AEWIs have relatively better performance as threshold segmentation waterbody ex- 520 

traction algorithms. There are small waterbodies and obvious shadows in A6 area. Except 521 

NDVI and AEWIs methods, all algorithms can better identify the shadows in this area, 522 

but MSR and mNDWI models perform poorly in identifying small waterbodies. There are 523 

obvious floodplain wetlands in A7, A8 and their upstream areas due to the lateral move- 524 

ment of rivers. Except SVM, RF, NDWI and AEWIns algorithms, other algorithms have 525 

commission errors to recognize wetlands as waterbodies. A9 area is an abnormal area 526 

caused by image synthesis algorithm. Except mAEWI, mNDWI, MSR and SBT models, 527 
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other algorithms can better resist these abnormal values. In conclusion, we found that 528 

SVM, RF and NDWI models can relatively better realize waterbodies recognition in dif- 529 

ferent lake waterbody regions. 530 

 531 
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 532 

Figure 7. Comparison of the recognition accuracy of different water extraction algorithms for rivers 533 
and lakes. L9C2_SR imageries were synthesized in false color in bands 5, 4 and 3, and stretched with 534 
2.5 standard deviations. The white oval circles on the image are the regions where the recognition 535 
abnormality may occur, which is A1, A2, A3, A4, A5, A6, A7, A8 and A9 from left to right. The 536 
coordinates of the central points of the four images are (100°10′29.0″E, 36°54′6.9″N), (90°44′44.1″E, 537 
28°59′22.7″N), (90°45′34.8″E, 29°20′5.3″N), (102°27′50.5″E, 33°27′20.8″N) from left to right. Regions 538 
colored in Blue are waterbody areas and Gray are non-water bodies. 539 

4.3. Analysis of lake waterbody area extraction results 540 

In this research, the lake waterbody dataset was produced by the non-lake waterbody 541 

dataset and the SRTM DEM, the former was constructed in Section 3.1 was used to elimi- 542 

nate the non-lake waterbodies in the extraction results [65], and the later was used to cor- 543 

rect the shadow influence [42]. Referring to the classification of lake waterbody, the area 544 

distribution of lake waterbody in the QTP region the resolution of lake waterbody extrac- 545 

tion in previous study [3], the lakes waterbody area in this study are divided into 30-100 546 

km² (type 1), 100-500 km² (type 2) and over 500 km² (type 3). As shown in Table 4, we 547 

randomly selected 10 lakes in each category to build a lake waterbody area validation set, 548 

and TPLA_V3 data was used as the true value to quantitatively analyze the extraction 549 

results of lake waterbody area, so as to measure the accuracy of extracting lake waterbody 550 

area of three types by different algorithms. 551 

Table 4. Extraction results of lake waterbody area by different models. 552 

ID Central location (°) Area/km² Type ID Central location/° Area/km² Type 

01 89.4541E, 32.3388N 34.7176 1 16 83.0601E, 35.2735N 246.6113 2 

02 90.5172E, 28.9495N 38.6561 1 17 88.7222E, 31.5855N 268.9577 2 

03 88.6920E, 32.3169N 44.1437 1 18 90.1922E, 35.7528N 294.7249 2 
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04 82.3336E, 31.6280N 54.4298 1 19 89.4425E, 36.3302N 386.9375 2 

05 86.2695E, 35.2978N 62.2600 1 20 73.4069E, 39.0290N 413.4563 2 

06 88.1369E, 36.1962N 65.5249  1 21 88.9544E, 34.5827N 511.8270 3 

07 86.7384E, 31.5679N 67.8710  1 22 97.2666E, 34.9309N 549.8463 3 

08 85.2322E, 31.5679N 71.8135  1 23 88.2833E, 31.1572N 555.8818 3 

09 85.8104E, 33.6649N 73.8108  1 24 88.3989E, 37.0775N 599.5535 3 

10 95.8114E, 36.7416N 80.8892  1 25 97.5895E, 38.2928N 639.1734 3 

11 91.1596E, 31.7089N 148.5164  2 26 97.7020E, 34.9062N 656.0598 3 

12 87.1744E, 34.5513N 167.8379  2 27 90.4774E, 34.7984N 693.1980  3 

13 89.9783E, 32.4493N 188.9746  2 28 85.6116E, 30.9289N 1048.9105 3 

14 92.1340E, 35.2207N 203.0216  2 29 90.0623E, 33.4379N 1137.2408 3 

15 84.5659 E, 35.4053N 221.7653  2 30 100.1977E, 36.8884N 4538.2366 3 

Figure 8 shows the error analysis results of lake waterbody extraction. Among the all 553 

algorithms, the accuracy of the lake waterbody area extracted by the RF model is the high- 554 

est (1.505%), followed by the SVM model (1.624%). In the threshold segmentation algo- 555 

rithm, the NDWI (3.501%) is the most accurate model, followed by AEWIs (6.789%). Com- 556 

paring the area extraction accuracy of different types of lakes, we found that in almost all 557 

models, the error of large lakes is the largest and that of medium lakes is the smallest. In 558 

combination with Figure 7, we analyze that there are two main reasons for extraction er- 559 

rors. First, there are many deep-water areas in large lakes, resulting in large omission er- 560 

rors. Second, the spatial resolution of L9C2_SR data is 30m. When identifying small lakes, 561 

it is easy to generate commission errors at the mixed pixels at the waterway junction. 562 

Therefore, error analysis of small lakes is greatly influenced by error classification, result- 563 

ing in large error fluctuations. 564 

 565 

Figure 8. The error analysis (See 3.4 for error analysis formula) of different waterbody extraction 566 
algorithms for various types of lake area extraction. The X- axis of the histogram is the name of the 567 
model, and the percent labels are the average extraction error of various lake areas under various 568 
models. In the percent labels behind the legend are the average error of the lake waterbody area 569 
extraction in each algorithm. 570 
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It is of great significance for global climate change to quickly and accurately obtain 572 

the changes of lakes in the QTP based on remote sensing technology, but there is a certain 573 

relationship between the performance of different lake waterbody extraction algorithms 574 

and application scenarios with remote sensing data. In order to explore the interaction 575 

between Landsat-9 data and the accuracy of different algorithm models for QTP lake wa- 576 

terbody extraction, and determine the algorithm for large-scale QTP lake waterbody area 577 

extraction suitable for Landsat-9 imagery, this study selected 10 models widely used wa- 578 

terbody extraction, carried out comparative research leveraging GEE platform, and found 579 

the following conclusions. 580 

Affected by clouds and shadows, the Landsat-9 data with limited quality and only 581 

30m resolution, the waterbody extraction model still achieved the best 96.59% overall ac- 582 

curacy and 1.505% average error in the extraction of QTP waterbody and lake waterbody 583 

area extraction. It is proved that those algorithms can effectively extract and identify QTP 584 

waterbody using Landsat-9 data. With the publication of 15-meter panchromatic data and 585 

the acquisition of high-quality images, there is still greater improvement in the accuracy 586 

of waterbody and lake waterbody area extraction. Moreover, compared with the thresh- 587 

old segmentation algorithms, the machine learning algorithms have significant ad- 588 

vantages in extracting large-scale QTP waterbody and lake waterbody area. Comparing 589 

the two machine learning algorithms, under the condition of equal overall accuracy and 590 

average error, the operation efficiency of RF on GEE is significantly higher than that of 591 

SVM classifier. Therefore, RF algorithm is more recommended in similar studies. With the 592 

development of GEE platform, the constraint of computing power on model selection will 593 

be greatly reduced. More models with complex calculation but higher accuracy can be 594 

considered in future related research. Finally, among the traditional threshold segmenta- 595 

tion waterbody extraction algorithms, the best extraction result is the NDWI method. The 596 

overall accuracy of waterbody extraction is 89.89%, and the average error of lake water- 597 

body area extraction is 3.501%. The NDWI is recommended method in scenarios with lim- 598 

ited samples or high operational efficiency. 599 
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