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Abstract: Accurate forecast of tail water level (TWL) is of great importance for the safe and economic operation
and management of hydropower stations. The predictive performance is significantly influenced by the
backwater effect of downstream hydropower stations and tributaries, but the explicit quantification method of
the backwater effect is lacked. In this study, a deep learning model based forecasting framework for TWL
predictions is established and applied to forecast TWL of Xiangjiaba (XJB) hydropower stations, which is
influenced by the backwater effect of downstream tributaries including Hengjiang River (HJR) and Minjiang
River (MJR). Firstly, the lag time of the backwater effect of HJR and MJR is analyzed based on the permutation
importance. The results demonstrate that the lag time of backwater effect on the TWL of X]JB is 5-7 hours for
the HJR and 1-2 hours for the MJR. Then, the runoff thresholds of the HJR and MJR for impacting the TWL of
the X]B station are obtained by scenario comparison, and the results show that the thresholds of HJR and MJR
are 700 m3/s and 7000 m3/s respectively. Finally, the deep learning methods based TWL forecasting model is
established based on the lag time and threshold analysis. The model is used to forecast the TWL in future 48
hours. The results show that the forecasting model has a good predictive performance with 98.22% of absolute
errors less than 20 cm. The mean absolute error over the validation dataset is 5.27 cm and the maximum
absolute error is 63.35 cm.

Keywords: tail water level prediction; backwater effect; LSTM; Xiangjiaba hydropower station

1. Introduction

Hydropower stations are of great importance for the flood control and drought resistance, the
utilization of water energy resources, the comprehensive utilization and management of water
resources, and play an important role in water and energy safety. With the increase of the number of
hydropower stations, the efficiency promotion of existinghydropower stations on the premise of safe
operation, has been growing concern in recent years. For most hydropower stations, the precise
control of water levels is the core of dispatching and operating hydropower stations and the base of
safe and economic operation and management. Therefore, the accurate prediction of water levels,
which can support the precise operation of hydropower stations, received more and more attention.
Tail water level (TWL) is an important parameter that needs to be controlled in the economic
operation management of a power station. The TWL can affect the power generation efficiency of a
power station, so the accurate prediction of TWL can provide important support for the operation
planning of a hydropower station.

Current water level prediction methods can be divided into physics-driven models and data-
driven models. Physical driven models work by solving equations based on hydrodynamics
equations or water balance equations[1]. The hydrodynamic model needs to use limited equations

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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and data to calculate the river network, in which there are many assumptions, resulting in low
calculation accuracy. With the deepening of people's understanding of the hydrodynamic mechanism
and the development of computer technology, the hydrodynamic model is constantly improving, but
its computational complexity is getting higher and higher[2]. However, when there is a problem of
propagation time among the variables of hydropower station, or a more complicated special case, it
is still difficult to describe the physical mechanism accurately with equations. Therefore, many
hydropower stationsuse the combination of physics-driven model and statistical methodin practical
application to improve the calculation accuracy and efficiency. Through statistical historical
operation data, the empirical curve describing the correlation of variables is summarized to calculate
the variables that cannot be accurately described by the equation, such as the water level-storage
capacity curve and TWL-outbound flow rate curve.

A data-drivenmodelreferstoa model that summarizes patterns from historical operational data
and applies them to future data forecasting[3]. empirical curveis a simple data-driven model, which
summarizes the corresponding relationship between the combination of target variables and feature
variables. A target variable can be calculated by finding the similar situation in the empirical curve
table. However, the simple data-driven model can not handing the nonlinear relationship whic are
ubiquitous in the research of water level prediction. Therefore, machine learning, such as artificial
neural network (ANN), random forest (RF), support vector machine (SVM), that can be immune to
these limitations is widely used in water level prediction research[4,5,6,7]. But the machine learning
method still cannot adapt to the temporal dependencies in the water level prediction problem. The
recurrent neural network (RNN), as a kind of deep learning model, can excavate temporal
dependenciestoimprove the forecasingaccuracy. Asan improved RNN model, LSTM can effectively
slow down the gradient disappearance or explosion that may occur inlong sequence problems, which
has attracted the attention of many scholars[8,9,10]. Shuofeng L[11] focus on the precipitation-only
water level forecasting problem by using LSTM based hybrid model, and try predicting the future
waterlevel of all theriversinJapanby using simulated precipitation datafrom the database for Policy
Decision making for Future climate change (d4PDF). Z Zhang[12] used the maximal information
coefficientand feature combinationtoselect featureinputs, constructed CNNLSTM neuralnetwork
to predict the downstream water level of a reservoir, then they compared the method with four state-
of-the-art prediction methods, the designed method also was very competitive.

Although there are a lot of water level prediction methods, most of them focus on longer time
scales, like more thanoneday[13,14], andupstream waterlevel[15,16].there arefew existingstudies
for the tail water level (TWL), and the influence of downstream backwater effect is not considered.
However, the downstreambackwater effectis very obvious. XJB hydropower station (X]B) is the third
biggest hydropower station in China, and fifth in the world, it bears important power generation,
shipping and ecological benefits. The backwater effect of the downstream tributary of XJB has an
impact of about 3 m on the TWL of X]B, significantly affecting the accuracy of water level prediction,
which is the main problem in operation. Therefore, we need to establish a TWL prediction model
considering backwater effect to realize the prediction under backwater effect.

The remainder of this paper is organized as follows. The second chapter will show the research
area and research method, the third chapter will analyze the research process, the fourth chapter will
analyze the model prediction results, and finally draw the conclusion of this paper.

2. Case Study, Data and Method

2.1. Case Study

XJB’s geographical location is shown in Fig.1. The dam site of X]B is located at the canyon exit
of the lower reaches of Jinsha River[17,18]. The installed capacity of XJB hydropower station is
6million kW, the number of unitsis 8, the rated output of each unit is 750000 kW, and the maximum
capacity of each unit corresponds to the minimum head of 100m. The regulation capacity of the
reservoir is 900million m?, the flood control capacity is 903million m3, and the total capacity is 5.163
billion m3. It can be seen from Figure 1 that the upstream water level of XJB hydropower station is
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vulnerable to the operation of Xiluodu Hydropower Station (XLD), and the downstream is subject to
the backwater effect of the confluence of Hengjiang River (HJR) and Minjiang River (MJR). The
complex boundary conditions make the prediction of water level by hydrodynamic method or water
balance method with large errors[19].

Hengjiang River
downstream
waterlevel

The Yangtze inflow to /
River Hydropower Xiangjiaba Hydropower
station station
Xiluodu =——— / Xiangjiaba —
upstream
waterlevel Minjiang River

Figure 1. Schematic diagram of upstream and downstream of X]B.

2.2. Data

This study uses the operation data of XJB Hydropower Station from 2015 to 2020 for prediction
and analysis. The content and classification of the data are shown in the Table 1.

Table 1. Data type and their time.

Data type station Time series  Time step
water level upstream water leve>1< Ja];d tail water level of 2015-2020 2 hours, 1 hour,
XLD and XJB’s outbound flow rate,
flow rate  inbound flow rate and abandon flow rate, 2015-2020 1 hours
HJR and MJR flow rate
output XLD, XJB plant, branch plant, and each unit 2015-2020 2 hours, 1 hour,
output
empirical XLD and X]JB’s water level-storage curve,
p head loss curve, unit flow rate curve, tail / /
curve
water level curve, etc
2.3. Method

There are many factorsaffecting the XJB[20]. The most critical factoris the outbound flow of X]JB.
The change trend of the XJB is consistent with the outbound flow, but there is a lag in time, as shown

in Fig.2.
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Figure 2. XJB outbound flow and tail water level change process chart.

the empirical curve of outbound flow and TWL is usually used to predict the TWL of XJB, which
is a characteristic curve based on historical data. The calculation method of outbound flow is to
calculate the water balance of X]B reservoir, which delys on the prediction of inbound flow rate and
power station output planning in the future. The gross head of the hydropower station is used to
query the water consumption rate-gross head empirical curve to obtain the power generation water
consumption rate, which is multiplied by the planned output to obtain the power generation flow
and outbound flow rate. The calculation process is shown in Fig.3. In this paper, the model
constructed by the principle of water balance is called the water balance equation model (WBE

model).
is:iza]l;‘;e[ at inbound flow Unit output ::;Enﬁefi gross 1o
the begin of the T .
period ) empirical cprve
flow rate for
Generating of
Water balance unit
equation Upstream
water levelat | | flow rate for
the end of the Generating of
period XIB
¥ J, tail water level curve
the average
upstream TWL of XJB
water level
' )
pedicted gross
head H,
[

[ the real TWL of XIB

Figure 3. Calculating process of X]JB by water balance method.

However, the factors affecting the water level of XJB Hydropower Station are more complex.
The diagram is shown in Fig.3. The water balance method only considers the variables involved in
the power station itself, which has two important defects: 1) It fails to consider the operating
conditions of the upstream XLD, rainfall between the two hydropower stations, and the impact time
lag described above[21].2) The Hengjiang river flows in at 1.9km downstream of XJB and the
Minjiang River flows in at 28 km downstream of XJB and their backwater effect can not be reflected
in the water balance method[22].
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The study will analyze the lag time and threshold of backwater effect using LSTM and machine
learning. Based on this, the LSTM prediction model for TWL of XJB considering the impact of
backwater effect is constructed.

Firstly, the response relationship between the TWL of X]JB and related variables is analyzed and
discussed according to the hydrodynamic method and water balance method. Then, the machine
learning model for water level prediction in the TWL of XJB is constructed, and the characteristic
relationship between the prediction error and the outbound flow of Hengjiang River (HJR) and
Minjiang River (MJR) in different periods is analyzed with the help of random forest model, so as to
obtain the time lag of backwater effect. Further, a deep learning water level prediction model for the
TWL of XJB was established. Different scenarios were divided according to different flow rate of HJR
and MJR, and the backwater effect threshold was obtained by observing the prediction results.
Finally, a water level prediction model for TWL of X]JB considering the impact of backwater effect
was constructed. The method roadmap is shown as Fig.4.

Analyzing principle and method of water level prediction

________________ S

construct outflow-downstream water level machin learning model

v

| construct waterlevel calculate error-river flow random forest model |
W

Get the lag time of backwater jacking effect
N
| Construct Xiangjiaba water level prediction depth learning model |
I\
| Get the threshold of backwater jacking effect |

|

Construct Xiangjiaba water level prediction depth learning model with
backwater jacking effect

analyzing influnce of backwater

Jacking
e

4

analyzing the prediction result

Figure 4. Flow chart of research ideas.

LSTM algorithm is chosen to predict the TWL of X]B due to the response time lag between the
multi-variable relations in water level prediction, for it can effectively slow down the gradient
disappearance or explosion that may occur in long sequence problems, and perform better than
traditional RNNS on longer sequence problems.

LSTM implements the control of information state of memory unit through forget gate and input
gate. The forget gate f: determines which water level influence information of ht1 and X: should be
discarded at time t; The input gate it is used to determine how much X: and h«1 water level impact
informationneedstobe passed to Ctattimet inorder to update theinformationstored by Ct1i.  LSTM
uses the output gate to control the unit state Ct. Acthe current time t, how many water level influence
information in hx1 and Xt should be output [23,24].

3. Analysis of Backwater Effect

3.1. Analysis Method of Backwater Effect

The lag time analysis is mainly divided into two steps. First, the linear regression model is used
to fit the corresponding relationship between the TWL of X]JB and the outbound flow, and then the
error between the predicted TWL of XJB and theactual TWL is calculated. Further, the corresponding
relationship between the TWL prediction error and the flow rate of Hengjiang River (HJR) and
Minjiang River (MJR) before different hours is constructed. Taking the flow rate of HJR and MJR in
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different lag periods as characteristic variables, and the water level prediction error as output
variable. The importance of different input factors canbe calculated by random forest model, and the
flow rate data in which lag period the error mainly comes from can be obtained.

The threshold analysisis based on the results of lag analysis, and establishesa 12 hour prediction
model without considering the backwater effect, then we can divide different scenarios according to
the different flowrate of H{IR and MJR. Calculatingthe prediction error of waterlevel under different
scenarios, and the prediction error of scenarios with flow rate exceeding the backwater effect
threshold will be significantly higher than that under the threshold.

3.2. Time Lag Analysis of Backwater Effect

The random forest model analyzes the weight of a feature factor by randomly typing the order
of a feature factorin the training set and analyzing its influence on the calculation effect of the output
variable. Constructa random forest model with the flow rate of HJIR and MJR in different lag periods
as the input factor, and the TWL of X]JB error calculated by machine learning method as the output.
The characteristic weights between the flow rate of HJR and MJR in different lag periods to the water
level error can be obtained by the model. The calculation results are shown in Fig.5. The ordinate in
the figure shows different input factors. The ‘Minjiang river 6’ represents the flow rate of the HJR six
hours ago. Other input factors are similar. The abscissa shows the decline of the model index after
randomly disrupting the factor, which can characterize the importance of the disrupted factor to the
output variable. In the analysis process, the calculation was repeated for 30 times, and the results
were drawn as a box diagram like Fig.6.

________________________________________________ L
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Figure 5. Schematic diagram of LSTM calculation steps.
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Figure 6. Characteristic importance of different input factors.

It can be seen from the figure that the test set and the training set have the same characteristic
importance calculation distribution. The top five factors of the two sets are the same, which are
Minjiang river 6, Hengjiang river 2, Minjiang river 5, Minjiang river 7 and Hengjiang river 1. The
results show that the lag time of backwater effect of MJR flow rate to TWL of X]B is about 5-7 hours,
and that of HJR flow rate to TWL of XJB is about 1-2 hours.
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3.3. Threshold Analysis of Backwater Effect

The backwater effect threshold analysisis to predict the TWL of X]JB under different scenarios
by using a deep learning model without considering backwater effect after dividing the flow
scenarios of HJR and MJR. When the flow rate of HJR and MJR in the scenario exceeds the backwater
effectt threshold, the prediction error will be much higher than that of the scenario where the flow
rateis lower than the backwater effect threshold. Take the data of 2019 for prediction and calculation,
and take 700 m3/s as the threshold of the HJR flow rateand 7000 m3/s as the threshold of the MJR flow
rate, which are divided into two types of scenarios. Scenario 1: any one of the HJR flow rate and MJR
flow rate exceeds the thresholds; Scenario 2: the HJR flow rate and MJR flow rate are both less than
the thresholds, and an overall scenario without threshold division. The 12 hour prediction error is

shown in the Fig7:

Mean Error

Max Error
Overall scene
==== Scenel

—— Overall scene
=== Scene 1l —— Scene2
030

Scene2

Absolute Error (m)

Absolute Error (m)

0.10

/ 0.05
0254

4 6 8 10 12 2 4 6
prediction period (hour) prediction period (hour)

(a) Max Absolute Error (b) Mean Absolute Error

Figure 7. Max error and mean error of different scenarios.

The maximum prediction error of the overall scenario coincides with that of scenario 1, while
theaverage predictionerror of scenario 1 is much higher than that of the overall scenario and scenario
2. The error distribution diagram of different scenarios is shown in Fig.8.

model with
flow below 53% 30% 16%

threshold

model with

flow over 23% 19% 22% 1% 7% 10% 9%
threshold
T T T T 1
0 20 40 60 80 100
Distribution of Absolute Error (%)
Over60cm 40-60cm 30-40cm 20-30cm
10-20cm 5-10cm 0-5em

Figure 8. Destribution of absolute error of models with different flow rate.

From the distribution of errors, in Scenario 1, 18.49% of the errors are above 40 cm, while in
Scenario 2, 0.04% of the errors are above 40 cm. Overall, using 700 m3/s as the threshold for HJR flow
rate and 7000 m3/s as the threshold for MJR flow rate can significantly distinguish between forecast
scenarios. Whenboth flow rate are less than the threshold, the maximum predictionerroris 55.02 cm,
and the average prediction error is 5.93 cm. In comparison, it can be approximately assumed that this

scenario is not affected by the backwater effect.
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4. Analysis of Predictive Performance

4.1. Prediction Result of WBE Model

By using the water balance model idea mentioned above, the WBE model is constructed to
calculate the water level at the tail of Jiaba in 2020 with a two-hour step length. The absolute error is

shown in Fig.9:
10 &

9

8 | [

absolute error of prediction of TWL / m
L
T

2019-12-01 00:00:00 2020-03-10 00:00:00

time of 2020

Figure 9. Annual distribution of absolute error of X]JB’s TWL predicted by WBEmodel.

The average absolute error of the result is 47.3 cm, the maximum absolute error is 878.3 cm, and
the absolute error above 100 cm accounts for about 10%. In the calculation process, it is found that
the error of the discharge flow out of X]B is less than 3%, which is highly accurate. Therefore, most
of the calculation error of the TWL of X]B comes from the inaccuracy of the TWL empirical curve and
the backwater effect of HJR and MJR under XJB dam.

4.2. Prediction Result of LSTM Model

The model in the backwater effect threshold analysis does not consider the impact of rainfall in
the stream direction interval, and directly takes the inflow of X]B as the input, which is difficult to be
applied in the actual prediction. Therefore, the inflow of X]B is replaced by XLD output, XLD
abandoned water and rainfall in the stream direction interval to construct a prediction model that
can be applied in practice. The characteristic variables considered in the model include:

Table 2. The content of characteristic variables considered in deep learning models.

period characteristic variable
XJB upstream and downstream water levels,
Rainfall among XLD and X]B, Pengshan and
MJR rainfall, HJR rainfall, HJR flow rate,
MJR flow rate, XJB inflow, X]B output, XJB
abandon flow

History datas

Rainfall among XLD and X]B, XLD and X]JB
Future datas output, XLD and Xiangjiaba abandon flow,
HJR flow rate, MJR flow rate
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The model used forecast data, but the forecast data itself contains errors, and the impact of the
errors on the water level prediction is unknown. The backwater effect of HJR and MJR, and the
transformation of rainfall into runoff and inflow have time lag. Therefore, when the forecast period
of the model is short, the measured historical flow rate and rainfall data of HJR, MJR and X]JB can
provide prediction support for the model and make the model more practical. In order to compare
the prediction effects of the models with different forecast periods, this paper constructs three
prediction models of XJB’s TWL with different forecast periods of 12 hours, 24 hours and 48 hours
with step of 1 hour. The error statistics of different forecast periods are shown in the Fig.10.
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Figure 10. Model error distribution for different hour forecast period.

The error distribution of each model in different forecast periods is basically similar, and get no
significant exception. From the comparison between the models, the prediction effect of the 12-hour
forecast model is the best on the whole, with an average absolute error of 3.43 cm and a maximum
absolute error of 30.74 cm, which are lower than the error of the previous 12 hours foreca st of the 24-
hour forecast model. The average absolute error is 3.56 cm and the maximum absolute error is 32.47
cm. The average absolute error of the 24-hour forecast model is 3.93 cm and the maximum absolute
erroris 45.07 cm, whichislower than theaverage absolute error of 6.03 cm and the maximum absolute
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error of 67.14 cm in the previous 24 hours of the 48-hour forecast model. Therefore, in the final
prediction, a comprehensive forecast from three different models is adopted. These models are the
first 12-hour forecast from the 12-hour prediction model, the 13 to 24-hour forecast from the 24-hour
prediction model, and the 25 to 48-hour forecast from the 48-hour prediction model.

Based on the prediction models of different forecast periods, the overall error distribution within
the 48 hour forecast period is shown in the Fig.11.
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Figure 11. Overall predict error.

From the graph, it can be seen that the prediction errorin the last 24 hours is significantly higher
than that in the first 24 hours, with the average absolute error increasing from 3.87 cm in the first 24
hours to 6.67 cm in the latter 24 hours, and the maximum absolute error increasing from 45.07 cm in
the first 24 hours to 63.35 cm. The mean absolute error of the overrall result is 5.27 cm.

4.3. Result Analysis

Compare with the WBE model’s prediction result, the mean absolute error of LSTM model
considering the backwater effect is about 11%. The prediction accuracy of LSTM model is much
higher than that of WBE model.

Take the case with error more than 60 cm for analysis, and the comparison between the predicted
water level process and the measured water level process is shown in Fig.12 (a). When the prediction
start time is delayed by one day, that is, the prediction starts at 21:00 on July 22nd, 2019, the
comparison between the predicted water level process and the measured process is shown in Figure
12 (b). It can be seen that the overall error decreases and the maximum water level prediction error
decreases. Therefore, in the process of practical application, rolling prediction can be used to reduce
the impact of prediction error.
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Figure 12. Case analysis of X]JB’s TWL predicion.

Compare the prediction results of the LSTM prediction model without considering backwater
effect constructed in Chapter 3 with the prediction model considering backwater effect constructed
in this chapter, and label the model without considering the backwater effect as LSTM_ Modell,
another one labeled as LSTM_ Model2. The error distribution of the predicted results between the
two is shown in the Fig.13:

LSTM model2 61% 26% 12%

LSTM_model1 42% 28% 19% 4%
T T T T 1
0 20 10 60 80 100
Distribution of Absolute Error (%)
Over60cm 40-60cm 30-40cm 20-30cm
10-20cm 5-10cm 0-5cm

Figure 13. Comparison of prediction error whether the model considers the backwater effect.

The prediction error of the two models is shown in the following table, and the maximum
absolute error and mean absolute error have significantly decreased after considering the backwater
effect. The mean absolute error was reduced from 7.66 cm to 5.272 c¢m, and the maximum absolute
error was reduced from 217.52 ¢cm to 63.35 cm.

Table 3. Error comparison of whether the model considers the backwater effect.

mean absolute error maximum absolute error
LSTM_modell 7.66 217.52
LSTM_model2 5.27 63.35

5. Conclusions

The application of deep learning method is flexible. Thanks to its powerful computing power,
we can not only input characteristic variables for direct calculation of water level prediction, but also
use it to make many characteristic analysis. This paper analyzed the threshold and lag time of the
HJR and MJR’s backwater effect to TWL of XJB with the using of deep learning, and constructed the
LSTM prediction model considering the backwater effect. The accuracy of the prediction result is
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improved by about 90% compared with the water balance algorithm model, and by about 30%
compared with the deep learning model without considering the backwater effect. The prediction
erroris controlled within 63 cm.Itis proved that the deep learning method and neural network model
have a good application prospect in the field of water resources, and are a reliable alternative to the
traditional calculation ideas.
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