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Abstract: Inland river runoff variations in arid regions play a decisive role in maintaining regional 
ecological stability. Observation data of inland river runoff in arid regions have short time series 
and imperfect attributes due to limitations in the terrain environment and other factors. These short-
ages not only restrict the accurate simulation of inland river runoff in arid regions significantly, but 
also influence scientific evaluation and management of the water resources of a basin in arid re-
gions. In recent years, research and applications of machine learning and in-depth learning technol-
ogies in the hydrological field have been developing gradually around the world. However, the 
simulation accuracy is low, and it often has over-fitting phenomenon in previous studies due to 
influences of complicated characteristics such as “unsteady runoff”. Fortunately, the circulation 
layer of Long-Short Term Memory (LSTM) can explore time series information of runoffs deeply to 
avoid long-term dependence problems. In this study, the LSTM algorithm was introduced and im-
proved based on the in-depth learning theory of artificial intelligence and relevant meteorological 
factors that were monitored by coupling runoffs. The runoff data of the Yarkant River was chosen 
for training and test of the LSTM model. The results demonstrated that Mean Absolute Error (MAE) 
and Root Mean Square error (RMSE) of the LSTM model were 3.633 and 7.337, respectively. This 
indicates that the prediction effect and accuracy of the LSTM model were significantly better than 
those of the convolution neural network (CNN), Decision Tree Regressor (DTR) and Random Forest 
(RF). Comparison of accuracy of different models made the research reliable. Hence, time series 
data was converted into a problem of supervised learning through LSTM in the present study. The 
improved LSTM model solved prediction difficulties in runoff data to some extent and it applied to 
hydrological simulation in arid regions under several climate scenarios. It not only decreased runoff 
prediction uncertainty brought by heterogeneity of climate models and increased inland river run-
off prediction accuracy in arid regions, but also provided references to basin water resource man-
agement in arid regions. In particular, the LSTM model provides an effective solution to runoff 
simulation in regions with limited data. 
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1. Introduction 
The arid region accounts for about 1/3 of total land area in the world [1–3], but it 

feeds 38% of the global population [4,5]. It is the key area in research on global environ-
mental changes and sustainable development [6–8]. In arid regions, water resources are 
the primary constraint and an important component of the ecological environment in arid 
regions [9–11]. Water systems in arid regions are extremely vulnerable. The global warm-
ing not only increases extreme climatic and hydrological events, but also intensifies runoff 
changes and water resource uncertainty in inland river basins in arid regions. In recent 
years, population and economy in arid regions expanded on a large scale, resulting in the 
continuous occupation of ecological environmental water resources for production and 
daily life [12–14]. In some regions, the water resource development and utilization degree 
exceed the maximum limit of ecological protection significantly, thus worsening local eco-
system continuously and even making it difficult to be recovered [15–17]. Therefore, it is 
urgent to strengthen the simulation and evaluation of water resources in arid regions in 
the background of global climatic changes [18–20]. It is necessary to propose workable 
and effective methods to simulate and predict runoffs in arid regions, as well as make 
scientific plans of water resource development and utilization. Nevertheless, rivers in arid 
regions mainly come from tall glaciers [21]. In these tall glaciers, there are steep terrains 
and vast basin areas, but there are a lack of hydrometric stations [22,23] and incomplete 
hydrological monitoring data [24]. Therefore, missing runoff data becomes a major bot-
tleneck of water resource evaluation in arid regions [25,26]. 

As one of the important indexes that can judge and assess quality in rivers [27], the 
runoff can intuitively reflect habitat health in river basins [28]. There are many mathemat-
ical physical models for runoff simulation [29]. However, the models appropriate for run-
off simulation are different for rivers in different regions [30]. Runoff simulation needs 
comprehensive considerations of climate and environment, geological conditions and 
other factors in the region [31]. Based on real accurate data, the accuracy of runoff simu-
lation and applicability of the model is judged through analysis, modeling, and tests [32]. 
This has some limitations and hysteresis. With the rapid development of computer tech-
nology in recent years [33], artificial intelligence technology is developed based on the 
high-speed calculation ability of the computer [34], such as machine learning, simulated 
annealing algorithm, support vector machine (SVM), and other algorithms [35,36]. These 
artificial intelligence technologies have deep crossing and combined applications in many 
fields, such as geology, hydrology, etc. [37]. Machine learning and in-depth learning have 
advantages in feature extraction and simulation optimization. Therefore, many “data-
driven models” have been developed in research fields such as hydrology and ecology, 
which are models constructed by using artificial intelligence technologies based on mass 
measured data [38]. Although the traditional physical-mathematical models consider 
more complex subsurface conditions [39], they often require more parameters and some 
of them are difficult to obtain [40]. Therefore, considering arid inland river basins where 
information is scarce and some parameters are difficult to obtain, data-driven models 
have a better advantage. Agarwal and Singh [41] applied the “gradient descending opti-
mization technology” to predict runoff in the Narmada River, India, and found that pre-
diction accuracy was higher compared to that of the “linear transfer function” model. 
Boulmaiz, et al. [42] introduced in the Extended Kalman Filter (EKF) algorithm to the ar-
tificial neural network to improve the nonlinear data input problem, thus increasing the 
forecasting accuracy of the model. Van, et al. [43] suggested evaluating the “water-energy-
society” relations in south Australia by using a convolution neural network (CNN). Hu, 
et al. [44] performed precipitation runoff modeling using the LSTM algorithm and be-
lieved that LSTM was superior to the model based on concept and physics. They demon-
strated that LSTM was more applicable to the precipitation runoff model, and its memory 
units could realize complicated calculation and data processing in a longer time series 
[45,46]. 
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Therefore, it was of the outmost relevance to use a new “data-driven model” to sim-
ulate inland river runoff in an arid region accurately [47–49]. In this study, Yarkant River, 
the typical river basin in the arid region, was chosen as the target area [50]. This study 
planned to introduce different states of calculation equations based on in-depth learning 
to find the method appropriate for hydrological process in the Yarkant River Basin. The 
objective is to simulate and predict inland river runoff in the arid zone using historical 
time-series runoff data, with a deep learning algorithm model to ensure the accuracy of 
the calculations [51]. This study can provide decision-making supports for water resource 
management and distribution in arid regions by a runoff simulation and forecasting 
method with higher accuracy. 

2. Methods and Data Sources 
2.1. Study Area 

Yarkant River (74°28′–80°54′ E, 34°50′–40°31′ N) is the largest inland river in China 
and it is one of the heads of the Tarim [52]. Yarkant River basin covers an area of 11.01 × 
104 km2, and the basin elevation is about 1459–8194 m [53]. The Yarkant River is mainly 
supplied by thawed water from the glacier, and the annual thawing volume of the glacier 
reaches 38.24 × 108 m3. The peak runoff is at August [54,55]. The annual flooding period is 
from May to September and the dry period is from December to February [56], resulting 
in the uneven distribution of runoff in a year [57]. The Yarkant River Basin belongs to the 
temperature continental climate, with an annual precipitation of 47.6 mm and an annual 
average temperature of 6.2 °C [58]. 

Yarkant River is located in the hinterland of Asia. It is a typical inland river basin in 
the arid region [59], and it is extremely sensitive to climate changes. The basin covers a 
vast territory, great altitude difference, large span, and tough natural conditions [60,61]. 
In recent years, desertification has been intensifying [62] and soil salinization was very 
serious (accounting for 38% of the cultivated area) [63]. Agricultural production develop-
ment has been threatened and restricted significantly [64]. Moreover, the existing water 
conservancy facilities are very old and insufficient in quantity, thus resulting in a lack of 
basic data supports and facilities for water resource distribution in the Yarkant River Ba-
sin [65,66]. The geographic conditions of Yarkant River are shown in Figure 1. 
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Figure 1. Geological position of the Yarkant River and station distribution, where NMS is the na-
tional meteorological station (Taxkorgan) and HS is the national hydrological station (Kaqun Sta-
tion). 

2.2. Data Sources 
In this study, the data of the Yarkant River Basin were collected from the hydrological 

yearbook of (Kaqun Station) at the Yarkant River (1957–2014). Data included daily tem-
perature, precipitation, and runoff. The time scale was a daily time scale.  

The daily temperature, precipitation, and runoff of the Yarkant River Basin from 
1957–2014 were collected. A total of 14,000 pieces of data were used in the model test. 
Time series splicing was performed to all data (temperature, precipitation, and runoff) 
and then data was converted into csv files. Data samples (top 5 pieces of 14,409) are listed 
in Table 1. 

Table 1. Data samples in the study area. 

 Date Runoff Temperature Precipitation 
1 1 January 1957 5.1 −7.2 0 
2 2 January 1957 6.06 −6.5 0 
3 3 January 1957 7.05 −5.1 0 
4 4 January 1957 7.25 −6.6 0 
5 5 January 1957 7.75 −7.7 0 

14,409 22 December 2014 15.5 −4.4 0 

To reflect interannual variations of meteorological data and runoff in the Yarkant 
River intuitively, temperature, precipitation, and runoff of the basin were used to plot a 
broken line/histogram (2002–2014 for example) (Figure 2). 

 
Figure 2. Meteorological data and runoff distributions in the Yarkant River Basin from 2002 to 2014. 
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The improved LSTM model has to input temperature, precipitation, and existing run-
off data in the basin, and then output the runoff of the prediction year. Before input into 
the LSTM model, data shall be normalized [67] to meet calculation requirements of the in-
depth learning model. The calculation formula of data normalization is: 𝑋norm = 𝑋 − 𝜇𝛿  (1)

where 𝑋 is the original value of characteristic data. 𝜇 is the means of characteristic data. 𝛿 is the variance of characteristic data. 𝑋norm is the data normalized form (0–1) [68]. 
After normalization of all characteristics [69], the improved LSTM model converted 

the time series dataset into a supervised learning problem, to splice attributes at t−1 and 
t. The conversion formats are shown in Table 2. The first three columns are river runoff at 
t−1, temperature and precipitation at t, respectively, and the fourth column is the runoff 
at t.  

Table 2. Data conversion formats. 

 Runoff (t−1) Temperature (t) Precipitation (t) Runoff (t) 
1 0.240343 0.040205 0.0 0.267382 
2 0.267382 0.041920 0.0 0.214592 
3 0.214592 0.041920 0.0 0.206009 
4 0.206009 0.045615 0.0 0.206009 
5 0.206009 0.045351 0.0 0.178112 

Subsequently, the improved LSTM model separated the above converted dataset (Ta-
ble 2) into a training set and a test set in the testing process. Data every 6 years was used 
as the training set, and the data for the next year (7th year) was used as the test set. Later, 
the training set and test set were decomposed into input and output variables, and then 
recombined into 3D format ([samples, time steps, and features]), which was expected by 
LSTM. The machine learning model simulated and predicted the runoff based on this 3D 
format. 

2.3. Methods 
2.3.1. LSTM Method 

In this study, it was planned to introduce the Long-Short Term Memory (LSTM) 
model [70]. The LSTM belongs to an in-depth learning algorithm, and its calculation effect 
is far better than the traditional statistical model. LSTM extracts time series characteristics 
from the data for modeling. It also collects meteorological characteristics and existing run-
offs by analyzing and converting the time series of hydrological data in the river basin 
[71], thus finishing the simulation and prediction of the river runoff. 

LSTM model is an improved form of recurrent neural networks (RNN) [72]. LSTM 
and RNN have a common point, and they both hypothesize continuous time series as the 
input samples. However, the middle, with useless information, might make the gradient 
of RNN disappear when the time series of data is too long. Conversely, the gradient dis-
appearance and explosion, which are caused by the gradient decreasing in the RNN, could 
be avoided if replacing nodes of the hidden layer of RNN by LSTM and increasing struc-
tures such as input gate and output gate. The calculation effect of the LSTM model is su-
perior to the linear model and ordinary neural network. 

The LSTM model firstly constructs sample data conforming to the LSTM input form 
(data has been preprocessed and interpreted in Section 2.2) and hyper-parameters were 
set according to experiences. There were three types of valves of LSTM, including the for-
get gate, input gate, and output gate. The valve node uses the sigmoid function to calcu-
late the memory state of the network as input [73]. If the output results reached a critical 
value, the product of this valve output and calculated results of the previous layer were 
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used as the input of the next layer [74]. Otherwise, this output result was forgotten. The 
weights of each layer, including valve nodes, would be updated on each back propagation 
training of the model [75]. The principal framework of the improved LSTM model is 
shown in Figure 3. 

 
Figure 3. Framework of LSTM model. 

The LSTM region has some major characteristics that are different from other neural 
networks. It can solve the short-term memory problem of RNN, so that the circulation 
neural network could use long-distance time series information really effectively and 
speculate the runoff based on meteorological data in a long time series [76].  

The LSTM model chose a cell as the basic processing unit. To address the structural 
defects of the traditional RNN, the LSTM added a forget gate, input gate, and output gate 
in the hidden layer. The forget gate and memory gate were used to select characteristic 
data, without the use of the pooling operation. Moreover, an information stream, which 
represented long-term memory, was added, to form a black box with input x and state 
output o. This was called CELL, which helped LSTM to possess good long-short term 
memory functions. The CELL structure of LSTM is shown in Figure 4. 

 
Figure 4. Structure diagram of LSTM CELL, including forget gate, input gate, and output gate. 
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forget gate: 𝑓  =  𝜎(𝑊 𝑥  +  𝑈 ℎt- + 𝑏 ) (2)

input gate: 𝑖  =  𝜎(𝑊 𝑥  +  𝑈 ℎt- + 𝑏 ) (3)

output gate: 𝑜  =  𝜎(𝑊 𝑥  + 𝑈 ℎt- + 𝑏 ) (4)

new memory cell: 𝑐′  =  tanh(𝑊 𝑥  + 𝑈 ℎt- + 𝑏 ) (5)

final memory cell: 𝑐 = 𝑓 ⋅ 𝑐t- + 𝑖 ⋅ 𝑐′  (6)

final hidden cell: ℎ = 𝑜 ⋅ tanh(𝑐 ) (7)

Equations (2)–(5) could be combined into: 𝑖𝑓𝑜𝑐′ = ⎝⎜
⎛𝜎𝜎𝜎𝑡𝑎𝑛ℎ 𝑊 𝑥ℎ + 𝑏 ⎠⎟

⎞
 (8)

where ℎ  is the output at t−1. 𝑥  is the input at t. 𝑐  is the candidate state at t. 𝑓  re-
fers to the forget gate at t. It controls how much information that the internal state at t−1 
(c ) has to forget. 𝑖  is the input gate, which decides how many network inputs at t (𝑥 ) 
have been stored into the CELL state (𝑐 ). 𝑂  denotes the output gate, which controls how 
much information of 𝑐  has to be output to the external state ℎ .  

The transfer function of LSTM CELL was expressed by 𝑓 . When calculating the 
output of the hidden layer at t, the information stored in CELL at t−1 was used except for 
the input vector at t [77]. Therefore, the output of hidden layer under the fixed time step t 
could be described as  ℎ = 𝑓 (𝑥 |𝑥 , 𝑥 , … 𝑥 ) (9)

The output of the output layer at t was: 𝑂 = 𝑊hoℎ + 𝑐 (10)

where xi is the input vector at i. 𝑊  is the weight matrix between the hidden layer and 
output layer, and c is the bias. 

LSTM can also cover several network layers, and each network layer had many LSTM 
CELLs [78]. m refers to the number of LSTM CELLs in the 𝛿th hidden layer. Therefore, 
the number of cells in the δth hidden layer could be expressed by 𝑉 : 𝑉 = {𝑣 , 𝑣 , … , 𝑣 } (11)

Input of 𝑣  at 𝑡 was the weighted sum of elements in the vector 𝑥 : 𝑣 , = ∑ 𝑤 , ⋅ 𝑎 , + 𝑏 ,  (12) (12)

The output of 𝑣  at 𝑡 was: 

𝑜i,t = 𝑓 (𝑣 , ) = 𝑓 ( 𝑤 , ⋅ 𝑎 , + 𝑏 , ) (13)

The output of the 𝛿th hidden layer at 𝑡 was expressed by Out : 

Out = 𝑓 (𝑣 , ) = [𝑜 , , 𝑜 , , … , 𝑜 , ] (14)

A 5-layer LSTM model was used in this study. The activation function and loss func-
tion were Relu and MAE, respectively. The calculation formula of loss was: 

loss(𝑦 ,y) = ∑ |𝑦 − 𝑦 |𝑛  (15)

where 𝑦  is the predicted value, y is the real value, and n is the number of predictions. 
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In the training process, the optimization algorithm for parameter updating used 
Adam, with a learning rate of 0.01. Moreover, training was terminated when finding the 
optimal result in the verification set. 

2.3.2. System Structure  
In this study, the LSTM model was introduced for runoff simulation and prediction. 

The Yarkant River was chosen as the study area. Temperature, precipitation, and existing 
runoff datasets of the Yarkant River Basin were collected and processed. This dataset in-
volved daily monitoring data in the basin from 1957 to 2014. Such a long-time-series da-
taset could fully test the long-time-series processing ability of LSTM. The dataset was pro-
cessed, including filling in gaps, normalization [79], floating-point type conversion, csv 
format conversion, time series splicing, and sequencing. Moreover, this dataset was di-
vided into a training set and test set to meet the running requirement of the LSTM model. 

The processed dataset was input into the LSTM model for runoff prediction. The 
LSTM model converted time series into a problem of supervised learning, appointed the 
number of hysteresis hours, and sets the time step to construct the model. After the LSTM 
model was turned on and obtained the runoff prediction results, a proportional overturn 
of the calculated results was conducted to reduce the previous normalized numerical val-
ues and make them correspond to the real runoff in the basin. The predicted runoff of the 
model was compared with the existing measured data in the corresponding year. In the 
comparison, MAE and RMSE were chosen as evaluation indexes [80]. Subsequently, the 
runoff prediction dataset and accuracy evaluation results (MAE and RMSE) of the LSTM 
model were output to make prediction results comparable, scientific, and reliable [81]. 

To present simulation effect intuitively, the comparison diagrams of runoff distribu-
tions (including historical runoff of years in the training set, predicted runoff of years in 
the test set, and real runoff) and the loss function diagram [82] were output in the same 
time. The running process of LSTM model is shown in Figure 5. 

 
Figure 5. Running process of LSTM model. 

Based on the above principle and running process, the system structure of LSTM 
model was divided into the data layer, algorithm layer, and user layer [83]. The dataset of 
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the study area was input into the data layer, including daily temperature, precipitation, 
and existing runoff. All three types of data were merged and normalized. In the algorithm 
layer, the LSTM model was constructed and evaluated: the dataset was divided into the 
training set and the test set. The time series dataset was converted into a problem of su-
pervised learning. The LSTM model was constructed and run, and evaluation indexes 
were appointed (MAE and RMSE). The runoff prediction accuracy of the LSTM model 
was analyzed and the loss value in the prediction process was output [84]. In this way, 
the runoff simulation and prediction were finished. The prediction results of runoff and 
test results of model accuracy were acquired [85]. The user layer could output the runoff 
prediction value, runoff time-series distribution diagram, accuracy loss diagram, and 
evaluation results of the LSTM model (MAE and RMSE) 

The system structure is shown in Figure 6. 

 
Figure 6. Runoff simulation and prediction system structure in LSTM model. 

2.4. Evaluation Methods 
The LSTM model is superior to other models for the following reasons. It can process 

long-time series data and store information of preorder input data in the hidden state to 
improve the understanding of the algorithm on later input data. Therefore, the prediction 
performances of the LSTM model are improved [86]. To quantize the evaluation results of 
the LSTM model, MAE and RMSE were chosen as evaluation indexes. Their calculation 
formulas were: 

MAE = 1𝑛 |predict − 𝑟𝑒𝑎𝑙 | (16)
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RMSE = 1𝑛 (𝑝𝑟𝑒𝑑𝑖𝑐𝑡 − 𝑟𝑒𝑎𝑙)  (17)

where predict presents the prediction value of the runoff, real denotes the real value of 
the runoff, and n refers to the data size. 

3. Results 
3.1. Comparison with Other Models 

To compare performances and accuracy of the LSTM model with other models, four 
types of prediction models were evaluated, including LSTM, CNN, DTR, and RF. Among 
them, DTR and RF are statistical models [87], while LSTM and CNN were in-depth learn-
ing models. The statistical models have been used in various fields, such as machine learn-
ing, medical disease diagnosis, and prediction in the social science field [88]. Nevertheless, 
they can only predict output probability according to input data [89], but cannot imple-
ment statistical classification. CNN and LSTM can provide reliable prediction results and 
accuracy evaluation through the conversion of input space in the inner layer [90,91]. 
Therefore, LSTM, CNN, DTR, and RF are applied to simulate and predict runoff data in 
the Yarkant River. Prediction accuracy of four models was evaluated. MAE and RMSE of 
the four models are shown in Table 3. 

Table 3. MAE and RMSE of four models. 

Model MAE RMSE 
LSTM 3.633 7.337 
CNN 8.961 12.650 
DTR 9.282 13.557 
RF 9.403 13.658 

It can be observed from Table 3 that LSTM achieved the optimal prediction effect, 
with MAE and RMSE of 3.633 and 7.337. The MAE and RMSE of CNN were 8.961 and 
12.650, and were slightly better than those of DTR and RF. Prediction effects of DTR and 
RF were the most unsatisfying. The MAE and RMSE of DTR and RF were relatively simi-
lar. 

To reflect the prediction effects of four models intuitively, scattering points between 
prediction values and real values of four models are shown in Figure 7. The results 
demonstrated that the prediction accuracy of the LSTM model (R2 = 0.74) was significantly 
higher than those of the rest of the three models. 
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Figure 7. Comparison of prediction results of LSTM (a), CNN (b), DTR (c), and RF (d). 

3.2. LSTM Simulation 
It is inevitable to have accuracy loss and bias during operation of the model. Accord-

ing to the above simulation prediction results of the runoff and the evaluation results of 
models, the training loss and test loss during the model operation were plotted (Figure 8). 
The training was divided into 50 epochs and each epoch recorded and plotted losses of 
the training set and test set. Epoch can be translated as “period” and one epoch refers to 
the process that all data were inputted into the network to finish one circulation of for-
ward calculation and back propagation. In Figure 8, loss changes in each epoch of the 
training set and test set were presented. As the epoch increases, the loss gradually stabi-
lizes and approaches a very small value, well below 0.1. 
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Figure 8. Loss change trend from 1960 to 2010. 

For an intuitive comparison between the prediction value and real value of the run-
off, the distribution of prediction results in a period (2008–2014) is shown in Figure 9. 
Runoff data of the training set and test set were covered. Obviously, the LSTM model 
presented a better prediction effect of runoff compared to other models. The prediction 
curve of the LSTM model fit highly with the practical curve. 

 
Figure 9. Comparison of prediction results (2008–2014). 

4. Discussion 
It is becoming a research hotspot of hydrology to predict runoff with an in-depth 

learning algorithm. In 1995, Raman and Sunilkumar [92] applied machine learning to a 
mid- and long-term (>1 year) runoff forecast. They also constructed a mid- and long-term 
runoff forecast model based on CNN and used it to forecast runoffs flowing into the Man-
galam Reservoir and Pothimdy Reservoir. They verified the advantages of neural network 
models in the forecast accuracy. Under different time scales, there are some runoff forecast 
models with good application effects, such as the Regression Model [93,94], Time Series 
Model [95,96], Gray system model [97–99], artificial neural network model (ANN) 
[100,101], support vector machine model [102,103], machine learning [104,105], etc. These 
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models have different characteristics. They also provide a possibility for a multi-model 
combined forecast. Based on the rapid development of artificial intelligence and in-depth 
learning, LSTM is used in hydrological prediction [106] to explore spatial-temporal conti-
nuity between the output and relevant input variables [107]. In a study on river runoff in 
non-arid regions, Fan et al. [108] performed a simulation study on river runoff in the Po-
yang Lake Basin based on LSTM, and found that the correlation coefficient between the 
simulation results of the LSTM model and the measured value was higher than 0.9, with 
an error within ±5%. The LSTM model demonstrated good performances. This was con-
sistent with our research conclusions on the Yarkant River.  

Although research on the applications of in-depth learning in the hydrological field 
have been developing gradually around the world [109], the in-depth learning technology 
of artificial intelligence is extensively applied in the field for its advantages in feature ex-
traction and simulation optimization [110]. However, in-depth learning is easy to have 
over-fitting due to the complicated characteristics of the runoff (e.g., unsteady) [111] and 
inadequate sample size. Therefore, in-depth learning has low simulation accuracy, with-
out good interpretability and scientific references. Although this problem can be relieved 
by simple data enhancement and regularization, dependence on big data has become a 
great shortage of in-depth learning. The circulation layer of LSTM can explore series in-
formation of the runoff deeply to avoid a long-term dependence problem [112]. It can an-
alyze characteristics of the series data of runoff comprehensively and improve prediction 
accuracy. In this study, runoff-related meteorological data were coupled, and the time 
series data was converted into a problem of supervised learning by the LSTM model. This 
solved difficulties in the calculation and prediction of runoff data, to some extent. Among 
the existing deep learning methods, LSTM, as a special recurrent neural network, can bet-
ter handle hydrological data with long-time dependence. Kratzert et al. [47] explored the 
capability of using LSTM networks for a rainfall-runoff simulation based on experiments 
conducted on numerous watersheds, which demonstrated that LSTMs have advantages 
over traditional RNNs in handling long-time series data, concluding that LSTMs should 
be used instead of traditional RNNs in the runoff simulation based on meteorological 
data. Kratzert et al. [113] also explored the ability of LSTM models to simulate the runoff 
in the absence of historical runoff observations for parameter tuning, and demonstrated 
that generalized models based on LSTM outperformed established basin-specific hydro-
logic models in most basins. Zhang et al. [114] used the LSTM network for flow prediction 
of wastewater, and the results demonstrated that the LSTM method has important appli-
cations in predicting wastewater flow. The LSTM network can handle time series data 
well, but there is more redundancy in spatial data processing. Shi et al. [115] proposed a 
convolutional LSTM network model based on this problem, and successfully applied it to 
short-time rainfall in instantaneous forecasting. Our next research will also integrate this 
method and attempt to apply it to inland river basins in arid zones. 

With the intensifying global warming [116], the snow thawing period of the glacier 
is changed and the interannual variation gap of runoff expanded. At the same time, the 
continuous influence of anthropogenic activities has led to an increasing shortage of water 
resources in the inland river basins of arid zones [117]. Runoff from arid inland river ba-
sins is mostly recharged by ice-snow melt water [118]. Glacier changes caused by climate 
changes will influence glacier melting [119] and affect the production of snowmelt runoff. 
This has important influences on the evaluation of total runoff. It can provide important 
supports to the river runoff prediction in arid regions and improve the accuracy of river 
runoff estimation models if multi-dimensional meteorological data (glacier melt water) 
[120] can be coupled except for meteorological data. Furthermore, algorithms that set 
weights of influencing factors, such as the attention learning algorithm, can be added into 
the LSTM model [121] to realize a multi-parameter change of influencing factors and com-
bine multiple in-depth learning models. This can meet natural environmental conditions 
of rivers under different scenarios, and increase the applicability of runoff prediction 
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models. The results can provide references to ecological restoration and water resource 
distribution in arid regions. 

5. Conclusions 
This study simulates and estimates inland river runoff in arid regions by introducing 

the in-depth learning algorithm of LSTM. A case study based on the Yarkant River Basin 
is performed. LSTM converts time series data into a problem of supervised learning by 
coupling runoff-related meteorological factors (daily temperature, precipitation, and ex-
isting runoff of the study area). It simulates and predicts runoff in the Yarkant River, and 
solves the long-time series data over-fitting of the neural network. Moreover, accuracy of 
the LSTM model is evaluated by MAE and RMSE. Meanwhile, experimental results of 
four models (LSTM, CNN, RF, and DRT) are compared. The results demonstrate that the 
prediction effect of LSTM model is significantly better than those of CNN, DTR, and RF, 
with MAE and RMSE of 3.633 and 7.337. The improved runoff simulation and prediction 
model based on LSTM also applies to the runoff simulation and prediction of other inland 
rivers in arid regions. On one hand, they can provide theoretical references and techno-
logical supports to reasonable development, utilization, and management of water re-
sources in the Yarkant River Basin. On the other hand, they can provide references to the 
runoff prediction of inland rivers in arid regions. This study is of important significance 
to improve the effective utilization and allocation of water resources in arid regions. 
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