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Abstract: The Tibetan Plateau (TP) is an important Asian water tower for livelihood, 19 

irrigation, hydropower, and downstream ecosystems. Hydrological predictions in the 20 

TP have long been limited by sparse and discontinuous observations. Transfer learning 21 

(TL) technology may improve hydrological predictions by pre-training deep learning 22 

(DL) models on data-rich areas and then applying them to data-limited areas. However, 23 

the extent to which the DL and TL models work in alpine regions and the physical 24 

knowledge they provide remain unclear. Models were pretrained using data from 671 25 

catchments across the U.S. and fine-tuned using data from four basins around the TP. 26 

Our results show that streamflow data with different temporal resolutions (monthly or 27 

daily) have little effect on discharge predictions when using DL. The number of 28 

discharge observations needed to enable acceptable performance of the DL models 29 

(Nash-Sutcliffe Efficiency coefficient > 0.6) depends on the hydrological 30 

characteristics of the catchments, in particular, how closely they conform to a general 31 

rainfall-runoff system. Climate forcing data determine the performance of streamflow 32 

prediction, whereas other attributes (i.e., soil and geology) have less significant impacts 33 

on prediction. The effectiveness of the DL and TL models is limited because 34 

groundwater contributes significantly to river discharge. This study provides an updated 35 

understanding of the application of DL and TL to quantify hydrological changes in the 36 

global cryosphere environment. 37 

Keywords: Tibetan Plateau, deep learning, transfer learning, streamflow prediction 38 
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1. Introduction 39 

The Tibetan-Himalayan region is the world’s highest plateau and contains the 40 

headwaters of Asia’s large rivers (e.g., Changjiang, Yellow River, Brahmaputra, 41 

Mekong), and thus acts as a water tower providing water resources for irrigation, 42 

livelihood, and ecosystem habitat of densely populated countries downstream (Liniger 43 

& Weingartner, 1998; Pritchard, 2019; Viviroli & Weingartner, 2008; Yao & Khan, 44 

2022). The Tibetan Plateau (TP) is one of the most sensitive areas in the world to 45 

climate change, and amplified rising temperatures and precipitation significantly affect 46 

the hydrological cycle and influence future freshwater availability (Hock et al., 2019; 47 

Immerzeel et al., 2020). River discharge is a composite indicator that reflects changes 48 

in the climatic driving force and cryo-hydrogeological conditions. However, discharge 49 

simulation and prediction using process-based hydrological models have long been 50 

limited by difficulties in characterizing and parameterizing complex topography with 51 

multiple cryo-hydrogeological attributes (e.g., permafrost and glaciers) and calibrating 52 

spare streamflow observations (McDonnell et al., 2007). Moreover, parameters from a 53 

well-calibrated process-based model in one basin may not be directly applicable to 54 

another (Kratzert et al., 2019; Ma et al., 2021). Therefore, a generic modeling approach 55 

is needed for characterizing complexity and heterogeneity that can be learned and 56 

applied to alpine regions. 57 

Data-driven hydrological models based on machine learning (ML) and deep 58 

learning (DL) algorithms have demonstrated a strong ability to simulate and predict 59 



 

4 

 

hydrological variables (Chadalawada et al., 2020; Herath et al., 2021; Jiang et al., 2022; 60 

Shen, 2018; Shen et al., 2018), including groundwater level predictions (Cai et al., 2022; 61 

Cai et al., 2021). In particular, the time-series prediction algorithm of long short-term 62 

memory (LSTM), a special type of recurrent neural network, is advantageous in 63 

handling rainfall-runoff simulations (Kratzert et al., 2019). LSTM has been employed 64 

as an effective tool for predicting river discharge from catchment to basin scales (Feng 65 

et al., 2020; Fu et al., 2020). Furthermore, the discharge predicted by LSTM can help 66 

determine the processes and obtain a hydrological understanding that process-based 67 

models fail to conceptualize. For instance, process-based models can be run and 68 

converged if the model domain is in a closed basin and all water balance components 69 

are known, whereas LSTM does not have these restrictions (Lees et al., 2021). Thus, 70 

LSTM can help modelers determine the water balance. These advantages are 71 

particularly important for vast glaciated and permafrost alpine regions, where the 72 

understanding of hydrological processes is too limited to apply process-based models.  73 

Currently, most algorithm tests and applications in streamflow prediction using 74 

LSTM utilize available catchment datasets with a unified format of meteorological 75 

forcing and geographic attributes. Such datasets include the Catchment Attributes and 76 

Meteorology for Large-sample Studies (CAMELS), which contains data from 671 77 

catchments across the United States (Addor et al., 2017; Newman et al., 2014), and 78 

CAMELS-GB, which includes data from 518 catchments across Great Britain (Lees et 79 

al., 2021). Although LSTM can be applied in data-scarce regions, its performance is 80 
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constrained by discontinuous observations (Bowes et al., 2019; Liang et al., 2018). 81 

Transfer learning (TL), which migrates hydrological knowledge learned from one 82 

region to another, has great potential for improving predictions in data-scarce regions 83 

(Gauch et al., 2021). By pre-training models on available datasets with abundant 84 

observations, LSTM can master the underlying dynamics and subsequently fine-tune 85 

the target dataset. Ma et al. (2021) demonstrated improved performance of TL among 86 

data-dense (664 basins in Great Britain), moderately data-dense (49 basins in Chile), 87 

and data-scarce areas (five basins in China).  88 

Machine learning models are currently used for spatial identification and 89 

interpolation in alpine regions (Ding et al., 2016; Tong et al., 2021; Wang et al., 2020; 90 

Xia et al., 2018; Xu et al., 2018). However, rainfall-runoff simulations using machine 91 

learning models are seldomly realized in ungauged alpine regions because of limited 92 

data availability and concerns regarding permafrost, snow, glaciers, and other factors. 93 

Our objective was to determine if the LSTM and TL algorithms could serve as models 94 

for describing physical processes in the alpine regions, and also to examine their 95 

forecast ability with respect to cryospheric attributes (e.g., glaciers, permafrost). Data 96 

availability includes issues on data resolution and observed length, which indicate that 97 

most streamflow measurements were recorded monthly and only recorded for a few 98 

years in alpine regions. The permafrost, snow, and glaciers are geographical attributes 99 

with higher spatial uncertainty and largely unknown effects on streamflow. 100 

In this study, we examined the effects of the amount of river discharge 101 
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observations and geographical attributes on streamflow prediction based on the data-102 

rich CAMELS dataset. We then integrated TL and LSTM to simulate streamflow in 103 

three typical alpine basins with different dominating attributes across the TP region, 104 

which allowed us to fill large data gaps: the Yarlung Zangbo Basin in the southern TP 105 

joint to the Himalayan mountains, the river discharge of which is impacted by seasonal 106 

frozen ground, snow, and glaciers; the headwater basin of the Yellow River in the 107 

central TP, the river discharge of which is impacted by continuous permafrost but 108 

without glaciers; and the headwater basin of the Heihe River in the northern TP, the 109 

river discharge of which is impacted by groundwater. Another watershed, the middle 110 

stream of the Yellow River Basin, which is affected by human activities, was selected 111 

for comparison with natural alpine regions. In addition to filling data gaps with high 112 

accuracy, this study aims to provide insights into runoff simulation and prediction using 113 

machine learning and transfer learning in ungauged alpine and cryosphere regions 114 

affected by glaciers and permafrost. 115 

 116 

2. Data and Methods 117 

2.1 Data 118 

To examine the effects of data availability and attributes on discharge prediction, 119 

the original CAMELS dataset was used (Addor et al., 2017). This dataset comprises 120 

671 natural basins across the United States (Figure 1a). The CAMELS dataset contains 121 

58 static attributes that describe the geographical properties of the basin topography 122 
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(e.g., elevation and slope), climatic indices (e.g., mean daily precipitation), 123 

hydrological signatures (e.g., mean daily streamflow), land cover, soil, and geology 124 

(Addor et al., 2017). Daily climate forcing (e.g., temperature, precipitation, radiation, 125 

and humidity), streamflow data between 1984 and 2014 (Newman et al., 2015), and 126 

detailed descriptions of the datasets can be obtained in the reference (Newman et al., 127 

2014).  128 

To examine the performance of the integrated LSTM and TL, we selected three 129 

representative alpine basins with a total of 18 catchments from north to south of the 130 

Tibet-Himalayan region, all of which are regarded as natural without disturbance from 131 

human activities. The first is the Qilian Mountains (QM), the headwater region of the 132 

Heihe River Basin in the northern margin of the TP (Figure 1c), where mountain block 133 

recharge has the same direction as streams to the outlets (Yao et al., 2017). The second 134 

is the headwater of the Yellow River Basin (HYRB) in the central TP (Figure 1d). 135 

Permafrost accounts for over 87% of this area, and the meltwater from glaciers to 136 

streams accounts for less than 2% (Ma et al., 2019); thus, it is an ideal study area to 137 

quantify the effects of thawing permafrost on streams without considering the glaciers. 138 

The third is the Yarlung Zangbo Basin (YZB) between the TP and the Himalayan 139 

mountains (Figure 1e), where the upstream region in the central Himalayas is dry, with 140 

an annual precipitation of less than 300 mm covered with continuous permafrost, while 141 

the downstream region in the eastern Himalayas is impacted by a monsoon climate with 142 

annual precipitation over 1,000 mm and is affected by glaciers (Yao et al., 2021). The 143 
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fourth area, which is strongly influenced by human activities (Sun et al., 2020), is the 144 

middle stream of the Yellow River Basin in the Loess Plateau (MYRB). MYRB was 145 

chosen as a human-impact contrast for the other three alpine regions.  146 

We collected climate data from 30 meteorological stations in 22 catchments 147 

between 1956 and 2019 from the National Meteorological Information Center 148 

(https://data.cma.cn/), including daily precipitation, evaporation, air and ground 149 

temperatures, and radiation. Streamflow data from 20 gauging stations were 150 

consolidated between 1956 and 2016. All climate and streamflow data were processed 151 

in a unified format according to CAMELS. The Nash-Sutcliffe Efficiency coefficient 152 

(NSE) was used to evaluate the goodness-of-fit of streamflow, and the percent bias of 153 

the top 2% peak flow range (FHV) and the percent bias of the bottom 30% low flow 154 

range (FLV) were used to evaluate the performance in simulating high and low flow.  155 

https://data.cma.cn/
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 156 

Figure 1. Study area and topographic features for long short-term memory 157 

(LSTM) and transfer learning (TL). (a) Map showing the 671 catchments across the 158 

entire United States included in the CAMELS dataset. (b) Map of the Chinese river 159 

systems in the Tibetan Plateau and three representative watersheds spanning the Tibetan 160 

Plateau, including the Qilian Mountains (QM), the headwater of the Yellow River Basin 161 

(HYRB), the Yarlung Zangbo Basin (YZB), as well as the middle stream of the Yellow 162 

River Basin (MYRB). Photographs on the right show distinct landscapes and 163 

hydrogeology characterized by forests and groundwater in the QM, permafrost in the 164 

HYRB, and glaciers in the YZB.  165 
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2.2 Experiments on the effects of data availability and attributes on discharge 166 

prediction 167 

In this study, data availability refers to the resolution and length of streamflow data 168 

observations. Because a large part of the streamflow measurements and water balance 169 

evaluations in alpine regions are only publicly available at a monthly scale, the 170 

effectiveness of LSTM based on different resolutions must be determined. We 171 

hypothesized that the model performance on a monthly scale would be better than that 172 

on a daily scale because the monthly streamflow variations were smoother to fit. To test 173 

this hypothesis, we ran experiments on all 671 catchments of the CAMELS dataset at 174 

monthly and daily scales. For the monthly simulation, the forcing data resolution was 175 

aggregated to monthly. The training period for both the monthly and daily tests was 176 

between 1985 and 1995, and the test period was between 1995 and 2005.  177 

The length (observed number of years) of streamflow data is difficult to ensure for 178 

alpine regions; however, DL models require large amounts of data. Thus, we expect to 179 

evaluate the extent to which the observed streamflow data can support the simulation 180 

and attain an acceptable performance. An NSE value of 0.6 can be regarded as the 181 

threshold for good performance (Gupta & Kling, 2011). For each catchment in the 182 

CAMELS dataset, we identified the length (years) of the streamflow data that resulted 183 

in an NSE of 0.6. 184 

Alpine regions are characterized by permafrost, snow, and glaciers, which are akin 185 

to the land cover and soil properties in the LSTM model. Although the current datasets 186 
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do not include these alpine attributes, we can quantify the extent by which these 187 

attributes affect the NSE and spatially identify the most sensitive attributes. For each 188 

attribute, we ran the experiments using CAMELS data with and without labeling and 189 

computed the differences in the NSE. All attributes were tested and the most sensitive 190 

attribute (the largest △NSE) was identified for each catchment. 191 

 192 

2.3 Integrated TL and LSTM 193 

The details of LSTM and TL are shown in Figure 2 (Feng et al., 2020; Ma et al., 194 

2021). LSTM is a recurrent neural network that learns from time-series data, and has 195 

“cell states” and “gates” (such as “forget gates”, “input gates”, and “output gates”) in 196 

the hidden states retained as weights from previous time steps to determine if these 197 

weights can be memorized or forgotten in the next step. Figure 2a shows the 198 

architecture of the LSTM method. We concatenated forcing data, attributes, and the 199 

observed streamflow  as inputs ( ) in the tth time step.  was transformed into  200 

through the input linear layer, then the LSTM unit was entered. The LSTM unit output 201 

  and the output linear layer transform it into the simulated streamflow (  ). The 202 

detailed structure of the LSTM unit is shown in Figure 2b. The equation of the forward 203 

pass of the LSTM method is shown in Figure 2c. 204 

TL construction included two major steps: pre-training with source data from 205 

CAMELS using LSTM and extracting the weights, and then transferring the extracted 206 

weights to local simulations using LSTM for the four river basins. The weights were 207 
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provided from pre-training CAMELS data for initializing local simulations, and the TL 208 

was able to freeze the initialized weights when training with local data or allowed parts 209 

of the weights to change depending on local training. In this study, we set three options, 210 

TL_A, TL_B, and TL_C, to represent the degree of transfer learning (Figure 2d). The 211 

option TL_A transferred all the initialized weights from CAMELS to the local dataset 212 

and froze them, except for the weights for the input and output linear layers during the 213 

local training. Option TL_B froze the weights from the input linear layer but allowed 214 

the weights of the recurrent connections from the hidden states to be updated. Option 215 

TL_C allowed all weights transferred from CAMELS to be updated during local 216 

training. Options TL_A and TL_C served as the highest and lowest degrees of transfer 217 

learning, respectively. 218 

 219 

Figure 2. Structure of the long short-term memory (LSTM) and transfer learning 220 
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(TL) models. (a) The structure of the LSTM and TL models included an input linear 221 

layer, an LSTM unit, and an output linear layer. (b) Detailed structure of the LSTM unit. 222 

(c) The equations of the forward pass of the LSTM model. (d) The weights which were 223 

allowed to be updated during the training period in TL_A, TL_B, and TL_C. 224 

We conducted three experiments to test the effects of the source data and evaluate 225 

the sensitivity of the local attributes to the performance of the models. For the first 226 

experiment, we pre-trained the models using CAMELS data of all 671 basins and 227 

selected 531 basins, eliminating basins with substantial area discrepancies in the 228 

geospatial fabric among different USGS groups and basins with areas over 2,000 km2 229 

(Addor et al., 2017; Dzhamalov et al., 2017). We then compared the performances using 230 

transfer parameters from 671 basins and 531 basins. For the second experiment, we 231 

tested the effects of the daily and monthly resolutions of the source data on local 232 

performance after transfer. We transferred the parameters from both the daily and 233 

monthly resolutions of the source data to the monthly local streamflow predictions for 234 

all four basins. In the third experiment, we quantified the sensitivity of the local 235 

attributes to the local performance for each sub-basin of the tested basins. The 236 

hyperparameters of LSTM and TL were manually adjusted based on previous studies 237 

(Feng et al., 2020; Ma et al., 2021). The LSTM hidden size was 256, the number of 238 

training epochs was 1000, the Mini-batching size was 128, and the length of training 239 

instances were 365 for daily model and 12 for monthly model.  240 
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Table 1. Overview of simulation employed in LSTM and TL models for CAMELS 241 

and the four tested basins 242 

 243 

2.4 Baseflow calculation 244 

Baseflow is part of streamflow that originates from delayed sources such as 245 

groundwater. To further evaluate the performances of the LSTM and TL models in areas 246 

with groundwater baseflow contributions, we used a digital filtering approach to 247 

separate the baseflow from the total river discharge. The algorithm from Eckhardt 248 

(Eckhardt, 2005) was used to separate the baseflow of all sub-basins of the four river 249 

basins in this study; this algorithm has been demonstrated to have the best performance 250 

in 1,815 catchments across the contiguous United States (Xie et al., 2020). The 251 

baseflow index (BFI) is the ratio between the baseflow and streamflow. The correlation 252 

coefficient (r) between the BFI and NSE of deep learning was computed. The equation 253 

used for the Eckhardt method is as follows: 254 

max 1 max

max

(1 B )b (1 ) B Qb
1 B

k k
k

α α
α
−− + −

=
−

,                               (1) 255 

Model/Parameters CAMELS QM HYRB YZB MHYB 

Training period 1985–1995 1990–1995 1981–1989 1981–1990 1971–1982 

Testing period 1995–2005 1996–2001 2007–2016 1991–2000 1983–1986 

Length of training  10 years 6 years 9 years 10 years 12 years 

Mini-batching size 128 128 128 128 128 

LSTM hidden size 256 256 256 256 256 

Number of training epochs 1,000 1,000 1,000 1,000 1,000 



 

15 

 

where Qk  is the kth total streamflow, kb  is the kth baseflow, α is the recession 256 

constant set as 0.975 (Eckhardt, 2008), maxB is the max BFI, which was determined 257 

according to the field investigation of hydrogeological conditions. This can be 258 

estimated by using the following equation: 259 

1
bb (b Q )k

k k kα− = ≤ .                                              (2) 260 

A backward iterative operation based on Equation (2) was performed on the daily 261 

streamflow, and maxB  was obtained by dividing the maximum possible total baseflow 262 

by the total streamflow (Xie et al., 2020). For the sub-basins where maxB  was less than 263 

0.8, we set it to 0.8 to obtain better results (Xie et al., 2020). 264 

 265 

3. Results 266 

3.1 Effects of data availability 267 

Figure 3 shows the results of the comparison between daily and monthly 268 

streamflow simulations. The streamflow resolution does not impact the prediction; on 269 

average, slightly better predictions were obtained for coarse predictions (Figure 3d), 270 

with a median NSE of 0.71 and 0.72 for daily and monthly resolutions, respectively. In 271 

spatial NSE, the monthly simulation performs better than daily simulation, particularly 272 

in areas represented by higher NSE values (Figure 3e, 22%>19% for NSE over 0.8). 273 

Among all basins included in CAMELS, 47% of catchments showed a better 274 

performance for monthly simulations (Figure 3f).  275 
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 276 

Figure 3. Comparison of Nash-Sutcliffe Efficiency coefficient (NSE) between daily 277 

and monthly observed streamflow records. (a) Daily NSE; (b) Monthly NSE; (c) 278 

△NSE = NSE (Monthly) − NSE (daily); (d) Average NSE for daily and monthly 279 

resolution; (e) Comparison of average daily and monthly NSE at different intervals and 280 

number of basins; (f) △NSE at different intervals and number of basins. 281 

Figure 4 shows the data requirements (input sequence length and observation data 282 

length) for the streamflow simulation at a daily resolution. Our results show that 31.74% 283 

of catchments among all the basins included in the CAMELS dataset require only one 284 
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year of input data to achieve good simulation results (NSE > 0.6), but 19.23% of 285 

catchments cannot achieve good simulation results even with ten years of data. For all 286 

671 catchments, the simulation results were positively correlated with the time-series 287 

length of the input data (Figure 4b). In general, catchments that required fewer years of 288 

input data to achieve good simulation results (NSE > 0.6) simulated better results than 289 

those that required a longer time-series for input data (Figure 4c). Increasing the number 290 

of years of input time-series data also slightly improved the FHV and FLV (Figure 4d 291 

and 4e).  292 



 

18 

 

 293 

Figure 4. Effect of time-series length on Nash-Sutcliffe Efficiency coefficient (NSE). 294 

(a) Distribution of length of data series (in years) required to achieve an NSE of 0.6 or 295 

higher (When the NSE does not reach 0.6 even after using 10 years of observed data, it 296 

is referred to as "did not reach threshold"); (b) Box plots of NSE obtained from 297 

simulations using 1 to 10 years of observed data for all watersheds; (c) Box plots for 298 

the best performance of selected catchments which required the shortest lengths of 299 

observed data that resulted in NSE values greater than 0.6; (d) Effects of length of 300 
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observed data on the percent bias of the top 2% peak flow range (FHV); (e) Effects of 301 

length of observed data on the percent bias of the bottom 30% low flow range (FLV).  302 

3.2 Effect of forcing data and attributes 303 

Figure 5 shows how the forcing data and attributes affected the streamflow 304 

simulation. A detailed description of all forcing and attribute parameters is provided in 305 

Table S1. Precipitation (prcp) was the most important forcing data of the input data for 306 

the simulation results. Model simulations that did not use precipitation as input data 307 

reduced the median NSE by 0.39 (Figure 5a). The overall effect of rainfall on runoff 308 

simulation performance increased from west to east. △NSE < 0.6 was observed in parts 309 

of the southwestern (i.e., New Mexico) and central (i.e., Kansas) regions. Figure 5b 310 

shows the distribution of △NSE, between simulations with and without the most 311 

sensitive driving forcing and attribute for each catchment, excluding precipitation. In 312 

addition to rainfall, day length (dayl) is another sensitive factor that resulted in median 313 

NSE changing from 0.71 to 0.69, especially in the central United States. With the 314 

exception of precipitation, the lack of input had little effect on the simulation results 315 

(Figure 5c). Figure 5d shows the number of catchments to which the forcing data or 316 

attributes were the most sensitive. Combined with Figure 5a and 5b, Figure 5d shows 317 

that land surface and hydrogeological attributes as inputs (e.g., geol, soil conductivity, 318 

and porosity) have a broad influence on catchments in the east and west coast regions. 319 

Using these inputs can obtain better NSE even with less data, although the magnitude 320 
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of this influence is insignificant, with median NSE changing from 0.71 to 0.68. The 321 

absence of precipitation data significantly underestimated the simulation of FHV but 322 

had little effect on FLV (Figure 5e and 5f). 323 

 324 

Figure 5. Effect of climate driving forcing and attributes on simulation 325 

performance. (a) Distribution of △Nash-Sutcliffe Efficiency coefficient (NSE) 326 

between simulations with and without precipitation input; (b) Distribution of △NSE 327 

between simulations with and without most sensitive attributes for each catchment; (c) 328 

Box plots of NSE without each indicated attribute; (d) Number of catchments that are 329 

most affected by an attribute; (e) Box plots of the percent bias of the top 2% peak flow 330 

range (FHV) without the indicated attribute; (f) Box plots of the percent bias of the 331 



 

21 

 

bottom 30% low flow range (FLV) without the indicated attribute. The red dashed lines 332 

in the (c), (e), and (f) plots indicate the averaged NSE, FHV, and FLV that contain all 333 

drives and attribute inputs as a contrast.  334 

3.3 Performance of integrated TL and LSTM in alpine regions 335 

We evaluated the simulated performances of LSTM and TL using a combination 336 

of three options (TL_A, TL_B, and TL_C) and two types of datasets (all 671 catchments 337 

and 531 selected catchments from CAMELS), and the results are shown in Figure 6. 338 

The best performances of QM, HYRB, YZB, and MYRB for monthly streamflow 339 

simulations had maximum NSE of 0.80, 0.31, 0.82, and 0.64, respectively, 340 

corresponding to the TL_B, TL_B, TL_A, and TL_A options, respectively. Except for 341 

YZB, the best performances for the other basins were obtained by transferring the 342 

selected 531 catchments instead of using the entire dataset. This suggests that a better 343 

overall performance for alpine basins is achieved by selecting better simulated original 344 

catchments for TL simulations in the tested basins and by directly using the original 345 

data (i.e., initialized weights) for the TL simulation. However, the simulation 346 

performances for FHV and FLV showed a different trend than that of the NSE. The 347 

maximum NSE of QM and HYRB for daily streamflow simulations decreased to 0.65 348 

and 0.41, respectively, which was worse than the monthly simulation. The best 349 

performance for both the QM and HYRB was obtained using option TL_A on the 531 350 

selected catchments. 351 
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 352 

Figure 6. Simulation performance of the long short-term memory (LSTM) and 353 

transfer learning (TL) models on four test river basins.(a) Box plots of Nash-354 

Sutcliffe Efficiency coefficient (NSE) for monthly streamflow simulations of the Qilian 355 

Mountains (QM), the headwater of the Yellow River Basin (HYRB), the Yarlung 356 

Zangbo Basin (YZB) and the middle stream of the Yellow River Basin (MYRB) under 357 

LSTM different TL options; (b) Box plots of the percent bias of the top 2% peak flow 358 

range (FHV) of monthly streamflow simulations; (c) Box plots of the percent bias of 359 

the bottom 30% low flow range (FLV) of monthly streamflow simulations; (d), (e), and 360 

(f) Box plots of NSE, FHV and FLV of daily streamflow simulations for QM and HYRB. 361 

The values shown indicate the best simulation results among the LSTM and six TL 362 

options.  363 
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Furthermore, we examined the spatial pattern of the performance of the 364 

streamflow simulations for the sub-basins of the four tested basins, and the results are 365 

shown in Figure 7 and Table 2. The mean NSE of the monthly and daily simulated 366 

streamflow of all sub-basins using the LSTM models alone were 0.60 and 0.46, 367 

respectively, which showed a poorer performance than TL models with monthly and 368 

daily NSE of 0.76 and 0.61, respectively. The NSE of HYRB was less than 0.6, which 369 

was caused by dried-up conditions upstream; therefore, no color is shown in Figure 7(b) 370 

for the monthly results in the pattern. Overall, for all the tested basins, the streamflow 371 

simulation for the downstream sub-basins was somewhat better than that for the middle 372 

and upper reaches. The simulated performance of streamflow in the alpine basins of 373 

QM and YZB is apparently better than that of the MYRB, which is disturbed by human 374 

activities.  375 

 376 
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Figure 7. Nash-Sutcliffe Efficiency coefficient (NSE) patterns for sub-basins. (a)–377 

(d) NSE patterns in the Qilian Mountains (QM), the headwater of the Yellow River 378 

Basin (HYRB), the Yarlung Zangbo Basin (YZB) and the middle stream of the Yellow 379 

River Basin (MYRB). The numbers identify different sub-basins from upstream to 380 

downstream, and the colors indicate the maximum NSE value for each sub-basin. The 381 

NSE of subbasin 1 in HYRB, indicated by the white color, was below 0.6. 382 

Table 2. Maximum NSE value (best performance) for each sub-basin by monthly 383 

and daily resolution 384 

We also compared the difference in the performance of streamflow simulations 385 

using the TL and Soil & Water Assessment Tool (SWAT) (Figure 8). The outlet 386 

streamflows at the QM (Yingluoxia Station) (Zhang et al., 2016) and YZB (Nuxia 387 

Station) simulated by SWAT (Deng et al., 2023) were collected for comparison with 388 

our results during the test period. The TL_A_531 and TL_C_531 models provided the 389 

best predictions of streamflow for the Yingluoxia and Nuxia stations, with the 390 

maximum NSE. Comparing the results from the TL model to SWAT, it can be seen that 391 

Basin 1 2 3 4 5 6 7 8 9 

QM (monthly) 0.80 0.79 0.81 0.87 0.84 0.86 0.89 0.89 0.90 

HYRB (monthly) 0 0.61        

YZB (monthly) 0.82 0.77 0.87 0.79 0.81 0.91 0.82   

MYRB (monthly) 0.67 0.67 0.63 0.78      

QM (daily) 0.63 0.53 0.68  0.69  0.69 0.66 0.77 

HYRB (daily) 0.22 0.62        
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the TL simulation is generally similar to SWAT but more effective for low flow, as 392 

shown by the FLV values. 393 

 394 

Figure 8. Observed and simulated streamflow by transfer learning (TL) and Soil 395 

& Water Assessment Tool (SWAT) models. (a) Qilian Mountains (QM) Yingluoxia 396 

station; (b) Yarlung Zangbo Basin (YZB) Nuxia station. 397 

3.4 Factors controlling streamflow simulation efficiency by DL and TL in the TP 398 

In Figure 9, we show how the most sensitive sub-basin parameters differ and how 399 

they impact runoff simulations for the three alpine headwater basins and one middle-400 

stream oasis basin. In each sub-basin, the TL model with the best fit was retrained with 401 

the inclusion and removal of a parameter, and the most sensitive parameter with the 402 

greatest effect on the NSE was then determined. Temperature (tmin, tmax) was the 403 
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primary factor affecting the runoff simulation performance for QM in the northern TP 404 

and HYRB in the northeast. In the QM, climate forcing on temperature affects runoff 405 

simulations, with △NSE ranging from 0.06 to 0.27, while in the lower sub-basins of 406 

the HYRB, the temperature affected △NSE by 0.1. In YZB in the southern portion of 407 

the TP, the main parameters affecting the basins were soil classification (OF), soil 408 

conductivity (SC), and permafrost area fraction (APF). Outside the TP, land use and 409 

precipitation were the main factors affecting the runoff simulations for MYRB, with 410 

precipitation affecting △NSE by greater than 0.8. 411 

 412 

Figure 9. △Nash-Sutcliffe Efficiency coefficient (NSE) patterns observed for the 413 

most sensitive factor among climate forcing and attribute parameters in each sub-414 

basin. (a)–(d) △NSE patterns in the Qilian Mountains (QM), the headwater of the 415 

Yellow River Basin (HYRB), the Yarlung Zangbo Basin (YZB) and the middle stream 416 
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of the Yellow River Basin (MYRB). The abbreviations shown represent the parameters 417 

that affected runoff simulations the most for each sub-basin. △NSE is indicated by color.  418 

The NSE of the LSTM and various TL models were calculated for each of the four 419 

tested basins, and the BFI was calculated for each sub-basin based on the observed data. 420 

Figure 10 shows that NSE value obtained by LSTM and TL models is negatively 421 

correlated with BFI in general (r1 = −0.56). This negative relationship was more 422 

pronounced in areas where precipitation was greater than 40 mm (r2 = −0.87) (Figure 423 

10 (a)). The performances of the LSTM and TL models were significantly and 424 

negatively correlated with the BFI in HYRB, YZB, and MYRB, which are glacier-425 

dominated, permafrost-dominated, and human activity-dominated basins, respectively, 426 

as shown in Figure 10 (b). The results indicate that LSTM and TL perform well for 427 

areas with rainfall-runoff mechanisms and are less effective in areas in which 428 

groundwater serves as a controlling factor in generating runoff. 429 

 430 

Figure 10. The relationship between baseflow index (BFI) and Nash-Sutcliffe 431 

Efficiency coefficient (NSE). (a) The different colors represent the long short-term 432 
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memory (LSTM) and three transfer learning (TL) models; y1 represents the linear fit to 433 

all data points except for the red circled points; y2 represents the linear fit to data points 434 

with precipitation greater than 400 mm. (b) The different colors represent the four river 435 

basins; y1 represents the linear fit to all data points except for the red circled points; y2 436 

represents the linear fit to data points excluding those from the Qilian Mountains (QM). 437 

The diameter of the circle represents the amount of precipitation. HYRB, headwater of 438 

the Yellow River Basin; YZB, Yarlung Zangbo Basin; MYRB, middle stream of the 439 

Yellow River Basin. 440 

 441 

4. Discussion 442 

Because there is a limited number of gauges and  poor data resolution of river 443 

discharges in the alpine region, we assessed how these factors might affect streamflow 444 

simulation performance by models using the CAMELS dataset. By separately training 445 

daily and monthly streamflow data, we found that data resolution had a negligible effect 446 

on the runoff simulation for 70% of the catchments. When the discharge observations 447 

are limited and the simulation aims to evaluate the annual or seasonal water balance, 448 

DL models can be quickly trained using monthly streamflow data (at least 10 times 449 

faster than training with daily streamflow) to obtain better performance. Our validation 450 

of length of streamflow data revealed that more than a third of the total catchments can 451 

achieve an NSE of more than 0.6 using only one third of the observed streamflow as 452 
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training data, and the NSE could be further improved as more data becomes available. 453 

In contrast, nearly 20% of the catchments did not achieve acceptable simulation results 454 

(NSE < 0.6), despite being trained on all of the available data. This is inconsistent with 455 

the common perception that a data-driven model depends primarily on data and that 456 

more data can enhance the simulation. Gauch et al. (2021) demonstrated that multi-457 

basin training is important instead of using only long periods of data. Our results further 458 

demonstrate that the number of data required depends on the hydrological 459 

characteristics of the catchments, namely, how closely they conform to a general 460 

rainfall-runoff mechanism. Additionally, the length of the data series does not have a 461 

significant effect on the peak and low flows, with overall trends of low peak flow 462 

simulation and slightly higher low flow simulation. 463 

Using both climate-driven data and geographical attributes, we tested the impact 464 

of these different input parameters on the runoff simulations. Rainfall is the driving 465 

force that has the greatest impact on results of the runoff simulations. Precipitation 466 

affected the runoff simulations mainly at peak flows (25% reduction in the average 467 

simulation performance) and had no significant impact at low flows, as reflected by DL. 468 

This is in accordance with the hydrological rule that runoff is primarily derived from 469 

rainfall during the wet season, whereas the dry season runoff primarily originates from 470 

groundwater discharge as baseflow (Dzhamalov et al., 2017; Yao et al., 2021). In 471 

addition to precipitation, subsurface characteristics, including geological setting, soil 472 

properties, and land use/vegetation cover impact the runoff simulation performance in 473 
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over one-third of the catchments. The hydrological conductivity and porosity of the soil 474 

are similar parameters that impact runoff simulation by influencing surface infiltration 475 

and lateral flow. Previous studies have shown the importance of the storage capacity 476 

and hydraulic conductivity of unsaturated soil and saturated aquifers using physical-477 

based hydrological models at the regional scale or site experiments at the field scale 478 

(Mirbabaei et al., 2021; Vannier et al., 2016; Vannier et al., 2014). Our study reveals the 479 

extent to which various subsurface characteristics affect runoff production on a 480 

subcontinental scale. Thus, although the data-driven model does not incorporate 481 

physical processes, the results obtained from a large amount of data can be used to 482 

characterize physical processes.  483 

Because of the scarcity of data in alpine regions, simulations and predictions of 484 

river discharge are commonly used by physical models and are sometimes combined 485 

with data-driven models. By transferring the trained parameters from the selected 486 

catchments of CAMELS to the test basins, we found that the integrated LSTM and TL 487 

was more effective in the alpine river basins, particularly for those that had not dried 488 

up (i.e., QM and YZB). It has been shown that TL is effective for simulating discharge 489 

in alpine basins with cryospheric characteristics with some degree of confidence. We 490 

also observed that the driving elements played a dominant role in simulations of 491 

cryospheric river discharge, whereas the attribute elements had a limited impact. In 492 

alpine river discharge modeling, confusion often arises from the effects of glaciers and 493 

permafrost. Climate and geological attributes are difficult to transfer to basins without 494 
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the presence of these elements. Physical-based models and field experiments show that 495 

glaciers provide roughly 35% of the annual total discharge of the Panj River basin as 496 

well as effectively buffering runoff both in wet and dry years (Pohl et al., 2017). 497 

Moreover, the permafrost coverage of a catchment can have a significant effect on river 498 

runoff, and subsurface flows can be as rapid as surface flow through highly conductive 499 

peat layers and soil pipes (Quinton & Marsh, 1999; Song et al., 2020). In the TP, 500 

approximately 66–86% of total spring runoff is derived from thawing of surface soil, 501 

inducing saturation-excess runoff, while 14–34% comes from subsurface interflow. In 502 

response to rising soil temperatures, the active layer has a significant effect on the 503 

pattern and composition of runoff generation (Genxu et al., 2017). The DL approach 504 

does not directly explore these processes, but reacts to their mechanisms through 505 

parameter sensitivity in different sub-basins. In the QM and HYRB, where permafrost 506 

has a strong influence, temperature is an important driver of runoff, as shown in Figure 507 

9. With glacial influence, soil classification and infiltration become the main factors 508 

influencing the discharge in the YZB. Furthermore, a negative correlation was found 509 

between the effectiveness of DL and TL and the magnitude of groundwater contribution 510 

to river discharge. This indicates that the effectiveness of the DL and TL models is 511 

limited in areas in which groundwater is an important source of river discharge. 512 

Therefore, the DL and TL models can be combined with more accurate climate forcing 513 

data to improve the accuracy of runoff simulations, while attribute factors can be mined 514 

to provide mechanistic insight. 515 
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The use of DL and TL for hydrological simulation in the cryosphere has not yet 516 

been fully adopted; however, it is foreseen to become an important method for 517 

mechanism exploration and quick hydrological prediction in the near future, as more 518 

high-precision forcing data become available. Meanwhile, the establishment of further 519 

systematic hydrological observatories is required to obtain more flow data for future 520 

hydrological studies in alpine basins. It is also essential to develop a deeper 521 

understanding of flow mechanisms using physical models. Based on this knowledge, it 522 

is possible to promote the integration of data-driven and physical models. 523 

 524 

5. Conclusions 525 

To determine whether TL can be used to predict streamflow in alpine areas and the 526 

mechanistic information it can provide, we first examined the effects of the resolution 527 

and length of river discharge observations on the training model, and the effect of 528 

geographic attributes on streamflow predictions based on the data-rich CAMELS 529 

dataset. We then integrated TL and LSTM to simulate the streamflow in three typical 530 

alpine basins across the TP and a non-alpine basin for comparison. This study revealed 531 

the following major findings: 532 

1. Streamflow simulations were slightly affected by the resolution of discharge 533 

observations for training model in 70% of the catchments. The quick 534 

processes of training and prediction by DL using monthly streamflow data 535 

resulted in a slightly better performance than daily simulations. The 536 
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requirements of river discharge measurements for training the DL model 537 

depend on the hydrological characteristics of the catchments, particularly 538 

how closely they conform to a general rainfall-runoff mechanics. 539 

2. Rainfall as an input variable had the largest impact on runoff simulation 540 

results. As evidenced by DL, rainfall had a significant impact on the 541 

simulated runoff simulations only at peak flows (25% reduction in average 542 

simulation performance). In addition to rainfall, subsurface characteristics 543 

such as geological setting, soil properties, and land use/vegetation cover 544 

influence runoff simulation performance in over one-third of the catchments. 545 

Although the data-driven model does not incorporate physical processes, the 546 

results generated from a large amount of data can be used to inform the 547 

physical processes. 548 

3. The combination of LSTM and TL is effective for simulating discharge in 549 

alpine river basins, particularly for those that do not have dried up streams 550 

(e.g., QM and YZB). With some degree of confidence, TL is effective in 551 

modelling alpine basins that exhibit cryospheric characteristics. Simulations 552 

of cryospheric runoff rely heavily on climate-forcing data, whereas attribute 553 

elements play a less important role. The effectiveness of DL and TL models 554 

is limited in areas where groundwater contributes significantly to river 555 

discharge. Consequently, the DL approach does not explore these processes 556 

directly but rather reacts to them based on parameter sensitivity in different 557 
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sub-basins. 558 

DL and TL have been demonstrated to be useful for predicting river discharge in 559 

alpine basins, even those that involve glaciers and permafrost. For alpine regions where 560 

precipitation rather than groundwater dominates runoff, river discharge simulations can 561 

be effectively improved by using high-resolution driving climate data. Our study 562 

provides an updated understanding of the effectiveness and future prospects of DL and 563 

TL for simulating hydrological variations in the North and South Pole regions and 564 

mountainous alpine regions in the context of climate warming. 565 
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