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Abstract: Runoff simulation is essential for effective water resource management and plays a pivotal
role in hydrological forecasting. Improving the quality of runoff simulation and forecasting continues
to be a highly relevant research area. The complexity of the terrain and the scarcity of long-term
runoff observation data have significantly limited the application of Physically Based Models (PBMs)
in the Qinghai–Tibet Plateau (QTP). Recently, the Long Short-Term Memory (LSTM) network has
been found to be effective in learning the dynamic hydrological characteristics of watersheds and
outperforming some traditional PBMs in runoff simulation. However, the extent to which the LSTM
works in data-scarce alpine regions remains unclear. This study aims to evaluate the applicability
of LSTM in alpine basins in QTP, as well as the simulation performance of transfer-based LSTM
(T-LSTM) in data-scarce alpine regions. The Lhasa River Basin (LRB) and Nyang River Basin (NRB)
were the study areas, and the performance of the LSTM model was compared to that of PBMs by
relying solely on the meteorological inputs. The results show that the average values of Nash–Sutcliffe
efficiency (NSE), Kling–Gupta efficiency (KGE), and Relative Bias (RBias) for B-LSTM were 0.80, 0.85,
and 4.21%, respectively, while the corresponding values for G-LSTM were 0.81, 0.84, and 3.19%. In
comparison to a PBM- the Block-Wise use of TOPMEDEL (BTOP), LSTM has an average enhancement
of 0.23, 0.36, and −18.36%, respectively. In both basins, LSTM significantly outperforms the BTOP
model. Furthermore, the transfer learning-based LSTM model (T-LSTM) at the multi-watershed scale
demonstrates that, when the input data are somewhat representative, even if the amount of data are
limited, T-LSTM can obtain more accurate results than hydrological models specifically calibrated for
individual watersheds. This result indicates that LSTM can effectively improve the runoff simulation
performance in alpine regions and can be applied to runoff simulation in data-scarce regions.

Keywords: runoff simulation; LSTM; prediction in ungauged basin; BTOP; transfer learning

1. Introduction

Runoff simulation is a key element in hydrological forecasting, addressing pivotal
scientific challenges within the fields of hydrology and water resource research [1,2]. The
rainfall runoff models are instrumental in the accurate simulation and prediction of flood
events, thereby playing an indispensable role in flood mitigation, disaster preparedness,
the stewardship of water resources, and the oversight of ecological and environmental
health [3–7]. Due to global climate warming and human activities, extreme weather events
have increased, exacerbating flood and drought disasters. These events have caused severe
economic and social losses to countries worldwide [3]. The Qinghai–Tibet Plateau (QTP)
is one of the most sensitive regions to climate change, with amplified temperature and
precipitation changes significantly affecting hydrological cycles and future freshwater
availability [8–10]. As the world’s primary water tower, runoff from the QTP is crucial
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to regional hydrological processes and water supply for downstream populations, and
runoff changes in alpine areas are also closely related to natural disasters such as floods
and droughts [2,11]. However, there is insufficient spatial density in many parts of the
world for adequate long-term river flow observations, especially in the QTP, which is
rich in water resources but has few meteorological and hydrological stations. The lack
of long-term runoff data poses significant challenges for physically based hydrological
models (PBMs), and conventional black-box models often struggle to accurately simulate
runoff [12,13]. The scarcity of monitoring stations leads to a significant data deficit, severely
limiting the accuracy and effectiveness of forecasting and early-warning systems for various
meteorological and hydrological disasters in Tibet [14,15]. The challenge posed by flow
simulation in QTP underscores its importance as a pivotal research area in hydrology [16].
Therefore, developing tailored runoff simulation methods for data-scarce basins to enhance
the accuracy of runoff simulation holds significant scientific importance and practical
application value [17].

Prediction in Ungauged Basins (PUB), launched in 2003, was the decadal project of the
International Association of Hydrological Sciences (IAHS) [18]. Over the past two decades,
numerous approaches have been proposed to predict runoff in ungauged basins, ranging
from parameter regionalization, data assimilation, catchment similarity, and surrogate
modeling techniques. A diverse range of innovative data acquisition techniques and
models have been developed to improve the confidence of estimations [19–21]. The PUB
initiative has resulted in considerable progress. One of the core advances was a relatively
widespread awareness of the need to understand flexible modeling methods, which can be
adapted to the specific environmental conditions of different basins and bring significant
advantages to simulation. Focusing on site-specific dominant processes has been shown
to reduce the uncertainty in predictions [22]. Samaniego et al. [23,24] suggested that
with the increasing amount of model computation, surrogate models, which can reduce
computational costs and achieve good reasonable estimates, are becoming more and more
popular in the field of hydrology and water resources [25,26]. However, PUB remains a
significant challenge because the majority of streams in the world are either ungauged or
poorly gauged, while notable achievements have been realized in gauged basins, rather
than ungauged ones [19,20,27,28].

With the advancement of artificial intelligence, machine learning has been increasingly
applied to water resource monitoring and management. Its ability to handle diverse inputs
simultaneously, combined with lower costs and reduced time requirements, makes it a
valuable tool in this field [4]. Common flow simulation models, such as artificial neural
networks, have made significant advances in predicting and simulating hydrological pro-
cesses and perform well in capturing non-stationarity, dynamics, and nonlinearity within
datasets [29]. Deep learning (DL) based on artificial intelligence has demonstrated its
effectiveness in revealing relationships between hydrological variables. Specifically de-
signed for time series forecasting [30], the Long Short-Term Memory (LSTM) network has
consistently provided reliable results in rainfall runoff applications in various localities and
regions worldwide [31]. Numerous studies have shown that LSTM can learn the dynamic
hydrological characteristics of watersheds from long time series data and outperform
some traditional PBMs in flow prediction [32–35]. Furthermore, it has demonstrated good
performance in predicting ungauged basins [36]. Kratzert et al. [19] conducted a compre-
hensive study on flow prediction across 531 basins, wherein the LSTM exhibited superior
performance with an average Nash–Sutcliffe efficiency (NSE) value of 0.69 compared to
the Sacramento Soil Moisture Accounting (SAC-SMA) conceptual hydrological model and
the National Water Model. Ouyang et al. [37] evaluated LSTM in 3557 small watersheds
in the United States and found that LSTM performed well in watersheds with minimal
human activity. The application of LSTM for runoff simulation facilitates the elucidation
of underlying hydrological processes, providing insights not possible with process-based
models. Furthermore, in contrast to the PBMs that necessitate a wide range of data such as
meteorology, the Digital Elevation Model (DEM), evapotranspiration, soil, and land use
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during modeling, the DL model, being a black model, prioritizes the independence of input
data, making even a relatively small source dataset valuable. These advantages are crucial
in mountainous watersheds where data are scarce [11,38].

Meanwhile, transfer learning (TL) has also emerged as a promising alternative method
for transferring hydrological knowledge learned from gauged basins to these ungauged
basins [11,39,40]. Kratzert et al. [19,35] trained a kind of Entity-Aware LSTM (EA-LSTM)
on many watersheds and applied it to ungauged watersheds using only meteorological
and geographical characteristics. The results indicated that EA-LSTM generally provided
better flow estimates at ungauged locations. Ma et al. [38] introduced a TL approach
using rich data from the CAMELS dataset to train the LSTM model, and then the model
was transferred to data-scarce regions; the runoff simulations accuracy was enhanced in
Asia, Europe, and South America but were not well in areas where glaciers predominate.
Khoshkalam et al. [41] investigated the runoff predictions of a TL model which based on
LSTM and compared the results with the HYDROTEL model in the United States. These
findings suggest that the unique structure of LSTM can enhance the simulation accuracy of
data-scarce basins through TL, but this advantage is not as pronounced in regions where
glaciers are prevalent [38,42]. As the third pole of the world, the QTP presents a complex
natural environment characterized by the widespread presence of snow, permafrost and
glaciers, along with constraints in data availability, which make the TL seldomly realized;
thus, there is a pressing need to further explore the applicability and effectiveness of TL in
data-scarce basins in QTP.

Previous studies have increased our knowledge of the application of LSTM in runoff
simulation, but due to the unique geographical environment of the QTP area and its
importance for downstream water resources management and disaster prevention, accurate
simulation of runoff in this area is of great importance. In this study, we aim to evaluate
the potential of LSTM based on TL in daily streamflow simulation and data gap filling in
this region. We applied Block-Wise use of TOPMEDEL (BTOP) and LSTM for streamflow
simulations over the Lhasa River Basin (LRB) and Nyang River Basin (NRB) in QTP. We
compared the performance of the BTOP and the LSTM in simulating runoff based on the
China Meteorological Forcing Dataset (CMFD) dataset and the China Meteorological Data
Service Center (CMA) dataset. Then, we integrated TL with LSTM to find out if a transfer-
based LSTM (T-LSTM) trained on data-rich sites can be transferred to a data-scarce site,
and to assess its effectiveness in simulating runoff at a multi-watershed scale across two
basins, which will give us the opportunity to accurately address significant data deficits.

This article is structured as follows: Section 2 outlines the study area and data re-
quired for model construction. Section 3 presents the introduction and its setup, along
with the design of multiple experimental schemes under two different experiment types
(single-watershed and multi-watershed), encompassing data processing, model training
and testing, and the model evaluation criteria. Section 4 introduces and discusses our
experimental results and offers perspectives on future research directions. This paper
concludes with a summary of our conclusions.

2. Study Area and Data
2.1. Study Area

The study areas of this research are shown in Figure 1.
The Lhasa River Basin, one of the highest rivers in the world, is located in the central-

southern part of the QTP (Figure 1c). The total river length is approximately 495 km,
covering an area of 32,526 km2. The average annual precipitation in the basin is about
500 mm, which is mainly concentrated from June to September [43]. Over 80% of the
average annual precipitation in Tibet occurs during the four wettest months. The annual
runoff varies greatly. The Lhasa River is the largest tributary of the Yarlung Tsangpo
River basin, and it flows through the political, economic, and cultural center of the Tibet
Autonomous Region. It serves as one of the most important water sources in the region,



Water 2024, 16, 2161 4 of 26

making research on its streamflow essential for more accurate water resource prediction
and management [44].
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Figure 1. Location, dem, observed station of the study areas. (a) Location of the Qinghai–Tibet
Pleateau (QTP) and the Yarlung Tsangpo River basin (red boundary) in China, with the red star
indicating the location of China’s capital city, Beijing. (b) Dem of the QTP and the location of
the Lhasa River Basin (LRB) and Nyang River Basin (NRB) in the Yarlung Tsangpo River basin.
(c,d) DEM, river network, flow gauges and precipitation stations in the LRB and NRB, respectively.

The headwaters of the NRB exhibit extensive ancient glacial topography, with many
areas still containing modern glaciers. The glacier and permanent snow cover is 5.47% of
the total basin area, and the contribution of glacial meltwater to streamflow is particularly
significant [45]. NRB covers an area of 17,535 km2 (Figure 1d). The mainstream is 307 km
long, with an average gradient of 7.39%. As a mountain river in the southern QTP, NRB
has unique geographical conditions and falls within a plateau temperate monsoon climate.
The average annual precipitation ranges from 700 mm to 1100 mm. The Nyang River is
the second-largest tributary of the Yarlung Tsangpo River and one of the regions in Tibet
with substantial precipitation. The ecological environment of NRB is highly fragile, with
frequent natural disasters and increasing human impacts on the environment. Therefore,
runoff research in NRB is crucial for disaster prevention and ecological security in QTP [46].

2.2. Data
2.2.1. Forcing Data

Observed discharge from Lhasa, Baheqiao (BHQ), Gengzhang (GZ), and Gongbu
(GB) stations was obtained from the Tibet Hydrology Bureau. Precipitation station data,
including observed daily precipitation and average daily temperature, were obtained from
the CMA (https://data.cma.cn/en/, accessed on 26 January 2024). LRB has a total of nine
precipitation stations, while the NRB has a total of five. The potential evaporation (PET0)
and potential evapotranspiration (PET) required to drive the models were employed from
the ERA5-Land dataset, provided by the European Centre for Medium-Range Weather
Forecasts (ECMWF) (https://cds.climate.copernicus.eu/, accessed on 9 March 2024).

When the actual density of precipitation observation networks is significantly
lower than the values recommended by the World Meteorological Organization of
100–250 km2/station, the regional differences in precipitation are not well represented, and
the performance of runoff simulation models may be affected [47,48]. To overcome the

https://data.cma.cn/en/
https://cds.climate.copernicus.eu/
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limitations due to data scarcity or poor observation quality, reanalysis meteorological prod-
ucts may be an option for flow prediction [3]. The use of the China Meteorological Forcing
Dataset (CMFD) dataset can effectively reduce uncertainties caused by data scarcity [49].
This dataset is a composite of multiple data sources, including observations from Chinese
meteorological stations, TRMM satellite precipitation analysis data, GLDAS data, GEWEX-
SRB data and MERRA data. This dataset covers the period from 1979 to 2018, with a daily
temporal resolution and a spatial resolution of 0.1◦. The BTOP model was constructed
based on the CMFD and CMA datasets, and the model performance was compared.

2.2.2. Static Data

The 30 m DEM data were sourced from the Shuttle Radar Topography Mission (SRTM),
jointly acquired by the National Aeronautics and Space Administration (NASA) and the
National Imagery and Mapping Agency (NIMA) [50]. Land cover data, classified into
17 categories based on the International Geosphere-Biosphere Programme (IGBP), were
obtained from the United States Geological Survey (USGS) [51]. Soil distribution data for
sand, silt, and clay were gathered from the Food and Agriculture Organization (FAO) of the
United Nations [52]. Leaf Area Index (LAI) data were acquired from the NOAA Climate
Data Record (CDR) (https://www.ncei.noaa.gov/).

Achieving high accuracy in climate inputs, particularly precipitation data, is crucial for
the precision of hydrological simulations [53]. To maintain stability and efficiency in model
calibration, the spatial resolution of all grid data was unified to 0.01◦ in both LRB and NRB.
Additionally, area-weighted spatial means were calculated for each meteorological variable
in each basin.

3. Methodology
3.1. BTOP Model

The Block-Wise use of the TOPMEDEL (BTOP) model is a physically based semi-
distributed hydrological model initially developed for runoff simulations in large river
basins [54]. It divides the whole basin into BTOP grids (several natural sub-basins) based
on topographic heterogeneity and assumes that regions within the basin that share the same
topographic index exhibit identical hydrological response [55]. It has been widely used in
more than two thousand basins for varied objectives, such as parameter regionalization,
water management, flood forecast, and water environment simulation [56–59]. The BTOP
model has also achieved effective simulations in many basins worldwide, such as the
Min River Basin in China, the Mekong River Basin, the Fuji River Basin in Japan, and
ungauged basins of Jialing River, southwest of China [57,60,61]. These wide application
results indicate that the BTOP model is a useful rainfall runoff simulation tool in many river
basins. In addition, compared with other distributed hydrological model (such as SWAT
and VIC), the BTOP model has fewer tuning parameters, and the parameter interaction
and uncertainties are fewer, which can also effectively diminish both computational load
and uncertainty [62,63]. In this study, the SCE-UA algorithm (Shuffled Complex Evolution
Algorithm with Uncertainty Analysis) [64] has been employed for parameter optimization,
and the Nash–Sutcliffe efficiency (NSE) serves as the objective function to evaluate the
model performance [63,65].

3.2. Long Short-Term Memory Network

Long Short-Term Memory (LSTM) networks were originally proposed by Hochreiter
and Schmidhuber [66] and belong to the recurrent neural network (RNN) family, which
can effectively solve the challenges posed by gradient vanishing and explosion [67–70].
The core structure of the LSTM is divided into four parts: the input gate it, the cell state
ct, the forget gate f t, and the output gate ot [17], shown in Figure 2. In runoff simulation,
the input gate can capture the impact of new precipitation data (such as data from periods
of concentrated rainfall) and effectively integrate these into the model. The forget gate
helps forget historical information that is unimportant for current runoff predictions,

https://www.ncei.noaa.gov/
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reducing noise. The cell state plays a role in storing and transmitting long-term hydrological
information in runoff simulation. The output gate dynamically adjusts the predicted runoff
values based on the current cell state and input information. This ensures that the model
considers both the impact of historical hydrological information and real-time data, such
as current precipitation, thus improving the accuracy and reliability of predictions. The
four core structures of LSTM work together to effectively handle long-term dependencies
and short-term variations in time series data, thereby enhancing the effectiveness of runoff
simulation. In other words, as has been well demonstrated, the LSTM architecture is highly
suitable for generating predictions of complex dynamic hydrological system behaviors [71].
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Figure 2. The core structure of the LSTM unit. σ denotes the sigmoid function and tanh is the
hyperbolic tangent activation functions. ⊙ represents element-wise multiplication. Ht−1 is the hidden
state from the previous time step, ht is the hidden state, xt is the input at the current time step, ct is
the cell state, c̃t is the candidate memory cell state.

At each time step, the gates are updated by the following equations:

ft = σ
(

W f [ht−1, xt]
)
+ b f (1)

it = σ(Wi[ht−1, xt]) + bi (2)

ot = σ(Wo[ht−1, xt]) + bo (3)

ct = ft ⊙ ct−1 + it ⊙ c̃t (4)

ht = tanh(ct)⊙ ot (5)

In these equations, σ denotes the sigmoid function, Wƒ, Wi, Wo are weighted parame-
ters, and bƒ, bi, bo are the bias parameters. The cell state ct is updated using the forget gate
and the input gate, and the hidden state ht is updated using the output gate and the new
cell state ct.

These gates are trained simultaneously and automatically, using input data to predict
target variables [72–74].

Finding the optimal values for model hyperparameters is a critical task because it
has a great impact on the accuracy and reliability of the model [41,75]. In this study, the
optimized hyperparameters include batch size, number of hidden layer units, gradient
descent method, learning rate, and window size. The root mean square error (RMSE) was
used as the loss function in this study [76]. The gradient descent methods employed were
Adam and RMSprop. The batch size controls the number of training examples used to
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compute the loss function before updating the weight matrix, and the number of hidden
layer units represents the complexity of the network.

3.3. Experimental Design

This study focuses on runoff simulation in data-scarce catchments characterized by
sparse station networks and short, hard-to-obtain time series of observed hydrological
data, where existing simulations from distributed hydrological physical models show
certain discrepancies when compared to observed flow data [45]. Compared to PBMs,
deep-learning models are less prone to structural errors [77]. To improve the accuracy of
streamflow simulations in LRB and NRB, and to evaluate the potential of LSTM based
on TL in these basins, we compared the results obtained from the LSTM with the BTOP
model and transferred the LSTM trained on data-rich sites to a data-scarce site. The
detailed experimental procedure is as follows. It is important to note that the modeling of
hydrological models is typically divided into a calibration period and a validation period.
In DL-parlance, they normally have a training–validation–testing period. Although the
training–validation process of DL models shares some similarities, there are significant
differences. Therefore, in the following discussions, the modeling results of hydrological
models will include the calibration and the validation period, while the results of the LSTM
will focus on the testing period.

3.3.1. Pre-Experiment of LSTM

Data preprocessing: The input data were categorized into dynamic, static, and semi-
static data (whose changes are relatively slow and can be considered an intermediate state
between static and dynamic, such as leaf area index). Validity encompasses checking the
consistency of the data, calculating regionals means, and compiling all the data into the
recognizable format.

Hyperparameter tuning: Due to computational resource limitations, we determined
the range of optimal hyperparameters by experimenting with increasing or decreasing
these values [78]. We first adjusted the batch size, followed by simultaneously adjusting
the window size, number of hidden layer units, and learning rate. We had 10–20 values for
each hyperparameter, which were sequentially taken to compute the simulation results,
and observe the influence of these hyperparameter on the calculation speed and results.
After that, we listed multiple sets of hyperparameters whose simulation results were within
a certain range as the optimal hyperparameter sets.

Model pre-training: Excessive input data may not improve the simulation perfor-
mance of the model and may even degrade it [60]. To eliminate invalid data and reduce
input data redundancy, different input data were compared and their effects on model
simulation performance were tested. After this step, we identified the input data for the
LSTM model.

Hyperparameter determination: To avoid the impact of network overfitting on the
training data, different training epochs were used for different experimental designs. For
the B-LSTM and G-LSTM, the model was trained on 100 epoch. For the T-LSTM model,
there were 300 epochs.

3.3.2. Basin-Based LSTM and Gauge-Based LSTM

We filtered out redundant and static data through preliminary experiments and used
only CMA daily precipitation, CMFD daily precipitation, and CMA daily temperature as
inputs. We set up the BTOP and LSTM models separately in LRB and NRB.

The hyperparameter sets selected in the previous step were set one by one, all available
data from each watershed were input into the pre-trained LSTM model, the training period
was set as 2010–2012, the validation period as 2013, and the testing period as 2014–2015,
and the NSE metrics of the simulation results were calculated.

The parameters’ regionalization of the hydrological model can be used to reflect the
differences in hydrological processes across different regions. However, the LSTM model
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does not explicitly perform regionalization during the training period. In situations where
only a few years of data are available, hydrological models may outperform LSTM models
in simulating individual watersheds [36]. Therefore, we designed two types of LSTM
models: basin-based LSTM (B-LSTM) and gauge-based LSTM (G-LSTM). The B-LSTM
model treats the entire watershed as a single unit, simultaneously inputting data from all
stations within the watershed into the model. Two B-LSTM models were constructed and
trained–validated separately for the LRB and NRB watersheds, yielding overall simulation
results for each watershed. In contrast, G-LSTM considers each of the three stations in the
NRB watershed an individual unit, modeling each station separately. This involves training
the model three times, once for one station, to obtain independent simulation results for
each station.

3.3.3. Transfer-Based LSTM

The transfer-based LSTM (T-LSTM) is trained without the use of observed flow data of
the target station; instead, it solely relies on limited local observational meteorological data.
For clarity, the station used for training and validation is called the source station, and the
station to be simulated through transfer is called the target station. In previous studies on
transfer learning, the research periods typically follow a sequential order, with the training
period preceding the testing period, using the same dataset but at different time [38,79].
However, in this study, we propose a unique temporal setup that not only addresses the
essence of transfer learning—leveraging knowledge from the source station to enhance
performance in the target station—but also delves into the effectiveness of transfer learning
within the same temporal framework.

For our T-LSTM model, four transfer cases were carried out to evaluate its performance.
The specific model settings are shown in Table 1. In each case, the data from the three
source stations were used as the training and validation data; the fourth station is the target
station and it was assumed that we do not have the observed discharge. The training
period was set as 2010–2013, the validation period as 2014–2015, and the testing period as
2010–2015.

Table 1. The detailed information of experiment schemes.

Abbreviation Case Source Station Training Periods Validation Period Target Station Testing Periods

T-LSTM

1⃝ GB, BHQ, GZ 2010–2013 2014–2015 Lhasa 2010–2015
2⃝ GB, BHQ, Lhasa 2010–2013 2014–2015 GZ 2010–2015
3⃝ GB, GZ, Lhasa 2010–2013 2014–2015 BHQ 2010–2015
4⃝ BHQ, GZ, Lhasa 2010–2013 2014–2015 GB 2010–2015

Due to the change in the amount of input data, we needed to repeat the steps in
Section 3.3.1 to reselect the optimal set of hyperparameters for the T-LSTM. After that,
different hydrological stations were sequentially selected as targets for training the T-LSTM
model. By adjusting the hyperparameters and evaluating each model on test data, the set
of parameters corresponding to the best results is referred to as the optimal parameter set.
The detailed hyperparameters are listed in Section 4.1.

3.4. Model Evaluation Criteria

The following widely applied performance evaluation criteria were used to evaluate
the accuracy of the model developed: Nash–Sutcliffe efficiency (NSE) [80], Relative Bias
(RBias), and Kling–Gupta efficiency [81,82] (KGE). The formulas are as follows:

NSE = 1 −

n
∑

i=1
(Qsim,i − Qobs,i)

2

n
∑

i=1

(
Qobs,i − Qobs

)2
(6)
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RBias =

n
∑

i=1
(Qsim,i − Qobs,i)

n
∑

i=1
Qobs,i

× 100% (7)

KGE = 1 −
√
(r − 1)2 + (β − 1)2 + (γ − 1)2 (8)

r =

n
∑

i=1

(
Qobs,i − Qobs

)(
Qsim,i − Qsim

)
√

n
∑

i=1

(
Qobs,i − Qobs

)2(Qsim,i − Qsim
)2

, β =
Qsim

Qobs
, γ =

Cvsim
Cvobs

(9)

where n is the total time steps; Qobs,i and Qsim,i are the observed and the simulated river
discharge at the time step i, and the mean values are denoted as Qobs and Qsim; r is the
Pearson’s correlation coefficient, β is the bias ration, and γ is the variability ration, as
defined in Equation (9).

For the hydrological simulation, our primary focus lies in replicating temporal vari-
ations and maintaining the runoff distribution patterns. Consequently, employing the
KGE as a model metric becomes a logical choice as it effectively captures these aspects.
Furthermore, the NSE can be viewed as a measure of a model’s capability to replicate the
observed mean, and an NSE value greater than 0 signifies that the model outperforms the
naïve mean predictor [63,81]. Notably, this achievement is comparable to achieving a KGE
value above −0.41 [83]. The RBias serves as a valuable indicator of the overestimation or
underestimation of the model simulation.

The flowchart of this study is shown in Figure 3. In this study, the distributed hydro-
logical model BTOP and LSTM model were modeled on NRB and LRB. Based on CMFD
and CMA dataset, the performance of the BTOP model was compared with basin-based
LSTM (B-LSTM) and gauge-based LSTM (G-LSTM)-based model on three model evaluation
criteria. Four transfer cases were carried out with T-LSTM to evaluate its performance in
simulating runoff in data-scarce areas.
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4. Results and Discussion
4.1. Hyperparameters of LSTM

The modeling process of the BTOP model is somewhat complex, and its parameter
optimization process is time-consuming, with the computation efficiency of the model
being highly dependent on the number of subregions. Conversely, the LSTM model has
a simpler modeling process and a faster optimization process, and it can achieve good
simulation results even with minimal input data [77]. While adding static data and other
terrain feature data does not improve the model’s performance, the LSTM model can still
produce satisfactory results using only meteorological forcing data. However, a potential
issue with LSTM is its structural design and hyperparameterization, as the choice of model
structure and hyperparameters can significantly affect its performance [84]. Preliminary
experiments explored different hyperparameter settings for the LSTM model. Despite
limited training data, appropriate hyperparameter settings can effectively optimize the
pre-trained model.

Table 2 shows the information of the test and optimal hyperparameters of the T-LSTM
model under different experimental designs.

Table 2. Hyperparameters of LSTM under different experimental designs.

Model Batch Size Window
Size

Hidden
Layer
Units

Gradient
Descent
Method

Learning Rate

Pretraining Tested
2, 4, 8,

16, 32, 64,
128, 256, 512

10, 20, 30, 40, 50,
60, 70, 80, 90,
120, 150, 180

10, 20, 30,
40, 50, 60,
70, 80, 90,

100

RMSprop
Adam

0.001, 0.002, 0.003,
0.004, 0.005, 0.008,

0.01, 0.015, 0.02,
0.03, 0.05

G-LSTM
B-LSTM

Tested 32, 64 30, 60, 90 40, 60, 80 RMSprop
Adam 0.001, 0.002, 0.003

Selected 32 30 40 RMSprop 0.002

T-LSTM
Tested 32, 64 30, 60, 90 40, 60, 80 RMSprop

Adam 0.001, 0.002, 0.003

Selected 64 60 60 Adam 0.003

Note(s): Bold font is the optimal parameter for the model.

It can be observed from Table 2 that under different experimental settings, the hy-
perparameters of the LSTM vary. For B-LSTM and G-LSTM, the optimal values for batch
size, window size, number of hidden layer units, gradient descent method and learning
rate are 32, 30, 40, RMSprop, and 0.002, respectively. For T-LSTM, the optimal values
for these hyperparameters are 64, 60, 60, Adam, and 0.003. The B-LSTM and G-LSTM
models have a training period of 1096 days, a validation period of 365 days, and a testing
period of 730 days. The T-LSTM model has a total training data length of 3288 days, a
validation data length of 1095 days, and a testing period sequence length of 4381 days;
the length of the training data significantly influences the values of the hyperparameters.
Increasing the number of units in hidden layers significantly affects the training speed of
the model, while increasing the batch size prolongs the learning time as each step processes
more samples. Nevertheless, it reduces the time for each training iteration. The choice
of gradient descent method influences the convergence speed of the loss function during
model training and affects the training outcomes [78]. Through manual tuning, we found
that the RMSprop learning algorithm can train small sample data to optimal conditions
faster. In contrast, the Adam algorithm provides more stable simulation results when
dealing with larger datasets. Neither of these learning algorithms is used in conjunction
with Dropout because preliminary testing suggests that using Dropout would impair the
network’s performance [85].
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4.2. Performance of BTOP Model

The performance metrics of the BTOP model, as shown in Figure 4, indicate that while
the model performed well in the Lhasa River Basin (LRB), its accuracy was lower in the
Nyang River Basin (NRB).
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four gauges with two precipitation datasets. (P is for CMA dataset precipitation, CMFD is for CMFD
dataset precipitation).

At Lhasa station, the NSE reached 0.85 in the calibration period and 0.58 during the
validation period. The KGE was 0.84 in the calibration period but dropped to 0.4 in the
validation period. The RBias was 12.1% in the calibration period and −29.49% in the
validation period. Notably, the performance of the CMFD dataset was almost identical to
that of the precipitation data from meteorological stations.

The results varied significantly among the three stations in NRB. At the GB station,
the model achieved an NSE greater than 0.72 in both the calibration and validation periods.
The KGE and RBias showed similar performance. At BHQ station, the CMFD dataset
outperforms the station precipitation data in calibration and validation periods. This
advantage was most pronounced during the validation period compared to all other
stations. For other metrics, the results of the two datasets were nearly the same. At the GZ
station, the NSE, KGE, and RBias of the CMA dataset in the validation period were only
0.34, 0.19 and −55.07%, which were the worst among all sites.

The BTOP model demonstrates considerable variability in the simulation results across
different basins. The difference in the runoff magnitude of the GB, BHQ, GZ stations poses a



Water 2024, 16, 2161 12 of 26

challenge for the BTOP. The flow at BHQ is overestimated, and at GZ, underestimated to an
unacceptable level. In Figure 5a, we can find that during the second peak of the validation
period, neither the station precipitation nor the CMFD dataset can have similar simulated
results. This suggests that the model’s ability to accurately simulate runoff during this
period may be limited by the input data’s accuracy or the model’s sensitivity to specific
meteorological conditions. Figure 5b demonstrates a more favorable performance at the GB
station, where the simulated runoff closely mirrors the observed discharge. However, at the
BHQ station, the predicted flow exceeds the actual observations, particularly during the
dry season and around peak runoff periods. Conversely, the simulated discharge at the GZ
station is conspicuously lower than the observed flow, particularly during the wet season.
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In Figure 5b, the CMA precipitation dataset simulated a small flood peak before the
year’s maximum flood peak in the 2010 runoff simulation, but this situation did not appear
in the CMFD dataset simulation. Although the BTOP model uses interpolation methods
to distribute station precipitation data across the entire watershed, the sparse number
of stations means that the interpolation results do not accurately represent the spatial
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precipitation conditions of the watershed. This is especially problematic when a single
station controls a large precipitation area; an increase in precipitation at a single station
can potentially lead to an increase in flood volume for the entire watershed, resulting in
incorrect flood risk assessment [58]. In contrast, the CMFD dataset does not show abnormal
flood peaks during the simulation process, indicating that the CMFD dataset contains
more useful spatial information and can be used to simulate daily flow in watersheds with
limited data [86].

As can be seen from Figures 4 and 5b, the BTOP model exhibits overestimation at BHQ
station, while the calculation results revealed a substantial underestimation in the BTOP
simulation results at GZ stations, where the underestimation amounted to approximately
50%. This underscores the inadequacy of the BTOP model in accurately capturing the
specific hydrological conditions of GZ station within the NRB. It implies that while the
model parameters may be suitable for GB and BHQ stations, they are not effectively
applicable to GZ, highlighting the need for tailored adjustments to better represent the
unique characteristics of this station.

The BTOP model undergoes parameter calibration on a block-by-block basis. Once
the parameters of the upstream blocks in the watershed are determined, the downstream
blocks can only adjust parameters within the range between upstream and downstream
stations. Consequently, when there are significant differences in the flow processes and
magnitudes across these stations, the upstream parameter settings limit the adjustable
range of simulated flows for the downstream blocks, thereby affecting the simulation
performance at the downstream stations. This limitation is particularly evident when the
area between GZ and BHQ accounts for a relatively small proportion of the total basin but
the differences in flow magnitudes are substantial.

4.3. Performance of B-LSTM and G-LSTM Models

In LRB, the B-LSTM model was constructed based on the only station—Lhasa station—
while in the NRB watershed, both the B-LSTM and G-LSTM models were constructed.

At the GZ station, the NSE coefficient increased from 0.34 with the BTOP model to 0.95
with the B-LSTM model, which is highly significant for accurate simulation of peak flows.
The KGE coefficient increased to more than 0.86 and the RBias decreased to −0.76%. At the
BHQ station, the B-LSTM increased the NSE and KGE to 0.78 and 0.87, respectively, and
reduced the RBias to 3.26%. The three indicators of GB station were also improved. As can
also be seen from the scatter plot of Figure 6, the scatter values simulated by the B-LSTM are
closer to the y = x line than those simulated by the BTOP model, especially at the GZ station,
where the scatter values are almost evenly distributed around the y = x line. Figure 6
further underscores the B-LSTM model’s capability to accurately fit observed streamflow
in NRB, and there is no overestimation at the BHQ station and obvious underestimation at
the GZ station as in the BTOP model. Although the water volume of the GZ station is about
three times that of BHQ station, the LSTM model can effectively capture this feature. By
solely utilizing areal average rainfall as input, it proficiently differentiates runoff conditions,
enabling runoff simulations that closely align with actual observations.

The hydrographs in Figure 6a show that the runoff process in 2014 was relatively
well-matched, whereas significant discrepancies emerged in 2015. Consequently, we sought
to explore whether limiting the testing period exclusively to 2014 would lead to an im-
provement in model metrics. When analyzing the performance metrics specifically for
the year 2014 as the sole testing period, the BTOP model registered NSE, KGE, and RBias
values of 0.62, 0.41, and −28.58%, respectively, whereas the B-LSTM model achieved 0.76,
0.80, and 0.31%, respectively. Notably, when compared to the two-year testing period re-
sults, the NSE and KGE of the B-LSTM model showed significant improvement, indicating
that the relationship between precipitation and runoff in 2015 deviated significantly from
previous years, thereby hindering the model’s ability to achieve optimal efficiency during
the validation (testing) period.
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Figure 7 depicts the comparison between observed and simulated runoff by G-LSTM
during the testing period in NRB. The figure reveals that the trend of the simulated hy-
drograph aligns well with that of the observed, particularly at the GZ station where the
simulated and observed values are nearly identical. However, the model exhibits devia-
tions in the peak runoff regions, with the smallest deviation occurring at the GZ station,
followed by BHQ, and the largest deviation observed at the GB station. Despite the RBias
value being close to 0 for GB, the scatter plot indicates that the scatter points exhibit greater
deviation under high-flow conditions compared to low-flow conditions.
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Table 3 shows the evaluation criteria values of B-LSTM and G-LSTM in the test
period. It is evident that compared to the BTOP model, the G-LSTM and B-LSTM models
significantly improved the NSE and KGE values and reduced the RBias, especially at the
GB station, where the RBias of G-LSTM was generally reduced to 0. The G-LSTM model is
trained separately based on data from each station, resulting in a more targeted network
structure, which explains why the simulation results outperform those of B-LSTM to a
certain extent, particularly at the GB and BHQ stations. Nevertheless, at the GZ station, the
B-LSTM model yields slightly better results than G-LSTM, suggesting that the inclusion of
inputs from other stations enhances the runoff simulation performance at the GZ station.
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Table 3. Evaluation criteria of different models.

Station Model Testing Period NSE KGE RBias (%)

Lhasa

BTOP 2014–2015 0.58 0.4 −29.49
BTOP 2014 0.62 0.41 −28.58

B-LSTM 2014 0.76 0.80 0.31
B-LSTM 2014–2015 0.62 0.75 12.8

GB
BTOP 2014–2015 0.79 0.72 −14.89

B-LSTM 2014–2015 0.84 0.82 1.53
G-LSTM 2014–2015 0.84 0.86 0

BHQ
BTOP 2014–2015 0.49 0.56 32.34

B-LSTM 2014–2015 0.78 0.87 3.26
G-LSTM 2014–2015 0.85 0.89 0.09

GZ
BTOP 2014–2015 0.34 0.19 −55.07

B-LSTM 2014–2015 0.95 0.97 −0.76
G-LSTM 2014–2015 0.93 0.86 −0.12

The significant improvement in runoff simulation performance of LSTM shows that the
structure of LSTM is well suited to converting meteorological data into runoff. When driven
solely by meteorological observation data, the LSTM model has better runoff simulations
for NRB and LRB than those produced by a physically based hydrological model. By
changing the modeling objective from watershed to gauge, the LSTM model still surpasses
the hydrological model. Previous studies have also reported improvements in simulation
performance with LSTM [35,39], and some studies have compared the performance of
localized models to regional models [35,87]. The results obtained are similar to our findings
in the data-scarce regions of QTP, indicating that LSTM significantly outperforms traditional
hydrological models in runoff simulation for alpine, data-scarce regions [36,71].

4.4. Performance of T-LSTM Model

For the detailed experiment schemes of four transfer cases of T-LSTM, please refer to
Table 1 and Section 3.3.3. The T-LSTM model was trained and validated using data from
10–15 years at the source station, and then the model was transferred to simulate the runoff
at the target station for the same period. Therefore, the simulated runoff during the testing
period covers 10–15 years. The hydrograph of the testing period of the four cases is shown
in Figure 8.

From Figure 8, in Case 1⃝ with Lhasa station as the target, it can be observed that
the red dashed line (simulated values) and the blue solid line (observed values) show
significant differences at multiple peaks and troughs. The T-LSTM model’s simulation
performance at the Lhasa station is poor, failing to accurately capture the fluctuations and
trends of the observed flow. In Case 2⃝–Case 4⃝, the simulation results at the GZ, BHQ, and
GB stations are relatively good, especially at the BHQ and GB stations where the model’s
performance is particularly outstanding. The NSE and KGE values are high, and the RBias
values are close to 0, indicating that the model accurately captures the fluctuations in and
trends of the observed flow.

A scatter plot comparison of the results of T-LSTM and BTOP model is shown in
Figure 9. From the results of the four experimental cases of T-LSTM, it can be seen that
at both GZ and GB stations, T-LSTM improves the simulation runoff of high discharge,
and the fitting lines are closer to the line y = x. At the BHQ station, BTOP has a slight
overestimation of low discharge, which is corrected by T-LSTM. In Lhasa station, the
overestimation of T-LSTM keeps the fitting line away from the line y = x.

Figure 10 shows the evaluation criteria values of BTOP, B-LSTM, G-LSTM, and T-LSTM
in the testing period at four gauges.
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As can be seen from Figure 10, the NSE of T-LSTM is only −0.31, KGE is only 0.08,
and RBias is 0.87%, respectively, at Lhasa station. These three indicators were lower than
the results of the BTOP and G-LSTM models. The schemes transferring to BHQ station
(Case 3⃝) and GB station (Case 4⃝) yield better results than the BTOP model. Specifically, at
the BHQ station, T-LSTM achieves the same NSE coefficient as G-LSTM, and the KGE is
superior to G-LSTM; at the GB station, the NSE of T-LSTM is slightly better than that of
the G-LSTM model, but the KGE of T-LSTM is slightly lower. And at these three stations,
the RBias of T-LSTM comes the lowest among all methods. The results of the GZ station
are quite different. The BTOP model struggled to accurately simulate the runoff at the GZ
station, achieving an NSE of only 0.34. In contrast, the G-LSTM model demonstrated a
significant improvement, achieving an NSE of 0.93. Notably, the best result was provided
by the B-LSTM model, with an NSE of 0.95. Even the T-LSTM model performed admirably,
achieving an NSE of 0.68, outperforming the BTOP model despite its reliance on extensive
data. The trend in the KGE results was consistent with that of the NSE.

In the modeling process of T-LSTM, only meteorological data from the GZ station
needed to be fed into the pre-trained T-LSTM model, eliminating the requirement for
additional data such as terrain physics and evapotranspiration. Despite this, T-LSTM was
able to produce results superior to those of the BTOP model, demonstrating its effectiveness
in the NRB watershed. This improvement in runoff simulation for data-scarce basins is
crucial for water management [88]. Even in the absence of observed data, the transferability
of the LSTM model surpasses that of the calibrated PBMs. The high predictive accuracy of
LSTM in data-scarce basins further demonstrates that machine learning can be a powerful
and practical tool for runoff analysis and flood management [4].
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4.5. Discussion about GZ Station

GZ station, as the downstream control station of the NRB, has simulation results
that are crucial for flood management across the entire basin. In T-LSTM Case 2⃝, the
model achieved results significantly better than the physically based BTOP model without
learning the watershed runoff and convergence process specific to the controlled area of
the GZ station. To explore the reasons behind this, we added two comparative schemes:

• Scheme a: The model was trained only with data from GB and BHQ stations and then
transferred to the GZ station (Case 2⃝-a).
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• Scheme b: The model was trained only with data from Lhasa station and then trans-
ferred to the GZ station (Case 2⃝-b).

The hydrograph as depicted in Figure 11 shows that for Case 2⃝-a, the NSE coefficient
of T-LSTM was only 0.36, which is a little lower than the BTOP model. For Case 2⃝-b, the
NSE coefficient was 0.62. Case 2⃝-b performed better than Case 2⃝-a. This means that
although the GB, BHQ and GZ stations are in the same watershed, there are still differences
in the mechanisms of runoff and confluence within the watershed areas controlled by
each station. This is also the reason why the BTOP model struggles to achieve satisfactory
simulation results at GZ station.
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Figure 11 shows that the inclusion of data from the Lhasa station provided the LSTM
model with an opportunity to learn from larger peak flows, thereby improving its simu-
lation of peak flows. However, for medium and low flows, the model primarily learns
from the various stations within the NRB. Thus, when data from Lhasa, GB, and BHQ
stations are all used as training inputs, the T-LSTM simulating performance at GZ sta-
tion significantly improves. These results indicate that the T-LSTM model can achieve a
significant performance even with limited training data. However, the consistency and
representativeness of the training data have a substantial impact on the modeling [89].

LRB and NRB both exhibit distinct seasonal patterns of precipitation variation, which
are clearly illustrated in Figure 12a. In NRB, monthly precipitation steadily rises from
March onwards, peaking in July, reflecting a gradual accumulation of rainfall from spring
to summer. In contrast, precipitation in LRB experiences a relatively moderate increase
between April and May, followed by a sharp surge to its annual maximum in June. How-
ever, it is noteworthy that despite similar precipitation levels in certain months, the runoff
response varies significantly among different stations, such as GZ station and Lhasa station.
As depicted in Figure 12b, under similar average precipitation, the runoff volume at the GZ
station increases markedly, with its peak flow rate nearly double that of Lhasa station and
almost triple that of both GZ and GB station. This phenomenon underscores the critical
importance of accurately capturing such peak variations for a profound understanding
and reflection of actual hydrological conditions within the basin. Given the direct causal-
ity between seasonal precipitation changes and runoff variations, models employed in
simulations must meticulously depict the intricate effects of concentrated precipitation
inputs on the runoff process. These models must not only be capable of handling seasonal
fluctuations in precipitation volumes but also possess the ability to capture changes in
key factors such as precipitation intensity and duration, thereby enabling accurate predic-
tions of dynamic runoff variations. Furthermore, differences in precipitation distribution
can significantly impact the setting of model parameters. As precipitation characteristics
(e.g., concentration and intensity) vary across stations or basins, it may be necessary to
adjust model parameters accordingly when applying the same model for simulations. This
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explains the notable differences in simulation outcomes observed when using the BTOP
model for different stations within NRB. Consequently, in the process of LSTM modeling,
the model fully considers the seasonal distribution characteristics of precipitation and
its influence on model parameters, which is the key to achieving accurate simulation of
seasonal runoff changes.
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When the transfer model lacks the characteristic information of the LRB, the T-LSTM
model exhibits suboptimal performance. As seen in Case 1⃝ of T-LSTM, the model is solely
reliant on runoff characteristics learned from NRB input data, resulting in unsatisfactory
results. However, when the training data incorporate information from additional gauges
within the data-scarce basin, even a small convergence area (such as GB station, which
covers only about 50% of the NRB), a significantly enhancement in the transfer results can
be achieved. Therefore, when transferring the LSTM model to a basin with no observed
data, it is imperative to meticulously analyze the characteristics of the basin and consider
both spatial proximity and physical similarity. By selecting the optimal data sources for
model training, an improved performance can be achieved within a shorter timeframe [88].

4.6. Limitations and Future Research Directions

While LSTM has shown tremendous potential in simulating runoff in data-scarce
alpine regions, it cannot solve all the hydrological problems. This study has several
limitations. First, climate conditions in the QTP are highly variable, and the influence of
glaciers and permafrost on regional runoff is complex. Although the BTOP model used
in this study accounts for snowmelt, it has not been improved to simulate glacier and
permafrost dynamics. Second, the implementation of TL techniques can be an effective
method for simulating runoff in data-scarce regions [31]. However, in the design of the
model transfer scheme in this study, the LSTM model was not improved before the transfer,
and the model results were not combined with those of physical models. In the future,
developing hybrid models based on both physics and DL may be a reliable solution to
improve the performance of TL models. In addition, due to the limitations of observed data,
this study did not conduct further analysis on the runoff characteristics of the watershed,
and the quality and availability of the dataset are also crucial factors influencing the
performance of DL models [90]. In the next step of our work, we plan to utilize globally
available large datasets to obtain more extended time series of runoff data, enabling a more
in-depth and comprehensive study of data-scarce regions in the Qinghai–Tibet Plateau.

5. Conclusions

The scarcity of observations and stations in the Qinghai–Tibet Plateau presents a
formidable obstacle to precise runoff simulation. To tackle this challenge and evaluate the
feasibility of using LSTM for runoff modeling in data-scarce alpine regions, we conducted
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a comprehensive comparison between the BTOP and LSTM, leveraging the CMFD dataset
and CMA data from the Lhasa and Nyang River Basin within the QTP. Additionally, we
integrated TL with LSTM to create T-LSTM, and migrated the T-LSTM model trained at
multiple sites to data-scarce sites to evaluate its simulation accuracy at data-scarce sites.

Before comparing the models, we first emphasize the utility of the CMFD dataset,
which offers richer spatial precipitation information than traditional meteorological data.
This enhanced information minimizes model uncertainties due to sparse station data,
making it suitable for simulating runoff in data-scarce regions of QTP. When it comes
to model performance, the average values of NSE, KGE, and RBias for B-LSTM at each
station are 0.80, 0.85, and 4.21%, respectively. The corresponding values for G-LSTM are
0.81, 0.84, and 3.19%. The LSTM model outperforms the physically based BTOP model
when relying solely meteorological inputs and it improves NSE, KGE, and RBias by 0.23,
0.36, and −18.36%, respectively. LSTM effectively simulates runoff for both entire basins
and single stations and performs well in data-scarce regions of the QTP. Furthermore,
the integration of Transfer Learning (TL) with LSTM, resulting in T-LSTM, enables the
transfer of knowledge from data-rich source domains to data-scarce target domains. This
allows T-LSTM to accurately simulate runoff variations even in the absence of direct runoff
observations. When trained with precipitation–runoff relationships from parts of the
target watershed, T-LSTM outperforms hydrological models specifically calibrated for
those basins, highlighting its versatility. Notably, even with limited training data, selecting
appropriate data sources can significantly boost the model’s performance.

In summary, LSTM models have firmly demonstrated their value in runoff simulation,
particularly in the context of the QTP’s data-scarce alpine basins. Their ability to simulate
runoff using solely precipitation and temperature data sets them apart from physically
based distributed hydrological models, which often struggle in such data-limited settings.
Furthermore, the efficacy of LSTM in transfer learning underscores its potential as a versatile
tool for enhancing hydrological forecasting and water resources management not only in
the QTP but also in other regions.
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