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ABSTRACT 
It is difficult to accurately predict the water levels of an open-channel water transfer 
project with pumping stations due to various uncertainties. To solve this problem, this 
paper proposes a new water level prediction model based on K Nearest Neighbor 
Algorithm-Ensemble Kalman Filter (KNN-ENKF). A hydrodynamic model is used to 
construct the water regime database, and the KNN is used to search for the data that best 
matches the current water regime state, which is taken as the initial value of the model to 
ensure the prediction accuracy in the initial stage. Then, ENKF is used to real-time correct 
the water regime state and reduce error accumulation. A case study is conducted with the 
Songzhuang-Bushang section of the Jiaodong Water Transfer Project, China. It is found that 
the KNN-ENKF model can significantly improve the water level prediction accuracy with an 
average error of less than 0.04 m.  

1. INTRODUCTION 
Water shortage has become a serious problem in many countries and regions largely 
because of rapid population growth and economic development (Elhenawy et al. 2023; 
Raveesh et al. 2021), and a common solution to this problem is to build open-channel 
water transfer projects with pumping stations (Han et al. 2020; Yan et al. 2022). For such a 
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project, the water level can be an important indicator for evaluating the operation 
conditions of the channel, and therefore it is essential to accurately predict water level 
changes to minimize energy consumption and operating costs of pumping stations. In 
general, the water level prediction models are built based on either data-driven or 
hydrodynamic models. A data-driven model is intended to explore the relationship 
between the data without considering the physical mechanism. With the rapid 
development of artificial intelligence technology, a multitude of data-driven models have 
been applied to water level prediction (Ren et al. 2020; Jang et al. 2022; Yan et al. 2023). 
However, these data-driven models often require high data quality, and the prediction 
accuracy will be low in the presence of outliers in the data or in the case of a small amount 
of data. The hydrodynamic models based on physical mechanisms would provide a more 
accurate prediction using a smaller amount of data through calibration. The traditional 
Saint-Venant equations can be used to simulate channels rather than water transfer 
projects that involve numerous structures such as gates, pumping stations, and inverted 
siphons. To meet engineering requirements, these structures are modularized as internal 
boundaries and coupled with the Saint-Venant equations, enabling the continuous 
simulation of water transfer projects (Zhang et al. 2007; Lu et al. 2018). To improve model 
accuracy, some methods such as genetic algorithms and Kalman filters are used to 
calibrate model parameters (Tang et al. 2010; Lei et al. 2019). Studies have shown that 
calibrated models can significantly enhance prediction accuracy. However, many 
uncertainties are not considered in these models. This is an important problem because 
many water transfer projects are built in remote suburbs and are greatly affected by many 
unknown uncertainties (Yan et al. 2025). 

Data assimilation is an effective means of reducing uncertainties, and therefore it has the 
potential to improve the prediction accuracy of the hydrologic model (Bourgin et al. 2014; 
Ouellet-Proulx et al. 2017; Kim et al. 2021; Liu et al. 2016). Current data assimilation 
methods include Kalman filter, particle filter, and variational assimilation (Van Wesemael 
et al. 2019; Noh et al. 2014; Gan et al. 2022). The Kalman filter and its variant algorithms 
are widely used because of their simplicity and convenience, particularly the Ensemble 
Kalman Filter (EnKF). Numerous studies have demonstrated that integrating hydrodynamic 
models with EnKF effectively improves the accuracy of water level prediction (Barthélémy 
et al. 2017; Yu et al. 2017; Cooper et al. 2018; Lee et al. 2019). Attempts have also been 
made to combine data-driven models with data assimilation (Fu et al. 2024). However, 
although data assimilation is widely used for rivers, it is rarely used for open-channel water 
transfer projects with pumping stations. The presence of hydraulic structures such as 
pumping stations is likely to affect flow propagation and consequently the performance of 
data assimilation. As such, the ensemble Kalman filter is used in this study for water level 
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prediction of an open-channel water transfer project with pumping stations, and the 
influences of observation location and data type on the assimilation are investigated. 

As the ensemble Kalman filter is a sequential assimilation technique, some time is needed 
to obtain the ideal state when the initial deviation is large, which will reduce the prediction 
accuracy of the model in the early stage. At present, a steady-state start or a hot start is 
used in some software (e.g., MIKE 11). The steady-state start is to calculate the initial water 
level and discharge at each calculation node using steady-state assumptions based on the 
water level and discharge data provided at the boundary points. However, it is difficult for 
the water flow to reach a steady state in practical engineering applications, thus leading to 
a discrepancy between the initial state of the model and the actual situation, and 
consequently reducing the prediction accuracy. The hot start is to use the model 
calculation for a period, and the stable water level and discharge are taken as the initial 
condition. However, it does not always guarantee that the initial condition is consistent 
with the actual situation, and it will also increase the calculation time and reduce the 
calculation efficiency. The interpolation method is also used to set the initial condition (Zhu 
et al. 2021) and the water level and discharge along the route are interpolated according to 
observed data. This method is simple and convenient, but it is highly dependent on data. 
When there are only a few observation points or the project is rather complex with many 
buildings, it would be difficult to accurately estimate the initial condition of each section. In 
addition, as the pumping station is essentially a barrier to the flow, the initial error along the 
route will accumulate and eventually increase the prediction error of the water level in front 
of the pumping station. At present, little research has been done to address the initial 
condition of the model. To fill this gap, this study proposes a new method for setting the 
initial condition. The water regime database is built through the model, and the K-nearest 
neighbours (KNN) algorithm is used to search for the data that best matches the current 
situation using the current observation data as the initial condition, which can improve the 
accuracy of the initial condition, and then the prediction accuracy of the model. 

The main innovations of this study are as follows: 

1. A new method is proposed to set the initial condition of the model. 

2. A new water level prediction model is proposed based on KNN-ENKF for open-
channel water transfer projects with pumping stations. 

3. The impact of observation position and data type on assimilation is discussed. 

The paper is organized as follows: Section 2 introduces the basic principles and evaluation 
indicators of the model; Section 3 describes the study area; Section 4 presents the main 
results; and Section 5 presents the conclusions. 
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2. METHODS 
In this study, a new water level prediction model is proposed based on KNN-ENKF for open-
channel water transfer projects with pumping stations. To this end, a calibrated 
hydrodynamic model is first used to calculate the water level and discharge processes 
along the route under different operating conditions, and then a model database is 
constructed. Prior to prediction, KNN is used to match the water level and discharge in the 
database based on the current monitoring station. Then, a hydrodynamic model is used to 
predict water level changes. Once the latest observation data is obtained, ENKF 
assimilation is performed to correct the current state to reduce model error and improve 
model accuracy. The flowchart of the model is shown in Figure 1. 

Figure 1 A KNN-ENKF-based water level prediction model for open-channel water transfer 
projects with pumping stations. 

2.1 One-dimensional hydrodynamic model 

Open channel 

The governing equations (Equations 1 and 2) for the one-dimensional unsteady flow in an 
open channel were first proposed by Saint Venant in 1871, including continuity and 
momentum equations (Yan et al. 2021; Kong et al. 2023). 

𝐵𝐵
𝜕𝜕𝜕𝜕
𝜕𝜕𝑡𝑡 +

𝜕𝜕𝜕𝜕
𝜕𝜕𝑥𝑥 = 𝑞𝑞 

(1) 

𝜕𝜕𝜕𝜕
𝜕𝜕𝑡𝑡 +

𝜕𝜕
𝜕𝜕𝑥𝑥 �

𝛼𝛼𝑄𝑄2

𝐴𝐴 � + 𝑔𝑔𝐴𝐴
𝜕𝜕𝜕𝜕
𝜕𝜕𝑥𝑥 + 𝑔𝑔𝐴𝐴𝑆𝑆𝑓𝑓 = 0 

(2) 
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Where: 

B = channel surface width (m), 

Z = water level (m), 

t = time (s), 

Q = discharge (m3/s), 

x = distance along the channel (m), 

q = lateral inflow (m2/s), 

α = momentum correction coefficient, 

A = wetted cross-sectional area (m2), 

g = acceleration of gravity (m/s2), and 

Sf = friction slope, which can be expressed using Equation 3, as follows: 

𝑆𝑆𝑓𝑓 =
𝑛𝑛2𝑄𝑄|𝑄𝑄|
𝐴𝐴2𝑅𝑅4/3  

(3) 

Where: 

n = Manning’s roughness coefficient, and 

R = hydraulic radius of the channel (m). 

Pumping station  

The continuity equation and discharge-head characteristic curve of the pumping station 
are used as the control equations. The continuity equation not considering the water loss in 
the pumping station can be written as follows (Equation 4): 

𝑄𝑄𝑖𝑖𝑖𝑖 = 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜 (4) 

Where: 

Qin = discharge at the inlet of the pumping station (m3/s), and 

Qout = discharge at the outlet of the pumping station (m3/s). 

The discharge-head characteristic curve can be written as follows (Equation 5): 

𝐻𝐻𝑃𝑃𝑃𝑃 = 𝑍𝑍𝑝𝑝𝑝𝑝,𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑍𝑍𝑝𝑝𝑝𝑝,𝑖𝑖𝑖𝑖 = 𝑎𝑎𝑝𝑝𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜2 + 𝑏𝑏𝑝𝑝𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜 + 𝑐𝑐𝑝𝑝 (5) 
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Where: 

Hps = head of the pumping station (m), 

Zps.in = water level at the inlet of the pumping station (m), 

Zps,out = water level at the outlet of the pumping station (m), and 

ap, bp and cp = parameters of the characteristic curve. 

Inverted siphon 

The inverted siphon differs from the open channel in terms of hydraulic characteristics. For 
instance, the Saint Venant equations are not applicable to an inverted siphon and must be 
modified, and the computational time step of the open channel is much longer than the 
propagation time of flow in the inverted siphon. Therefore, the inverted siphon can be 
treated as head loss (Yan et al. 2021). The continuity and energy equations are used as the 
governing equations, which are solved simultaneously using the Saint Venant equations. 
The control equations of the inverted siphon are described in Equations 6 and 7, as follows: 

𝑄𝑄𝑖𝑖𝑖𝑖 = 𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜  (6) 

𝑍𝑍𝑖𝑖𝑖𝑖 = 𝑍𝑍𝑜𝑜𝑜𝑜𝑜𝑜 + �2𝑔𝑔 𝑛𝑛𝑖𝑖𝑖𝑖
2  𝐿𝐿𝑖𝑖𝑖𝑖

𝑅𝑅𝑖𝑖𝑖𝑖
4/3 + 𝛼𝛼𝑖𝑖𝑖𝑖�

𝑄𝑄𝑜𝑜𝑜𝑜𝑜𝑜2

2𝑔𝑔𝐴𝐴𝑖𝑖𝑖𝑖
  (7) 

Where: 

Qin = discharge at the inlet of the inverted siphon (m3/s), 

Qout = discharge at the outlet of the inverted siphon (m3/s), 

Zin = water level at the inlet of the inverted siphon (m), 

Zout = water level at the outlet of the inverted siphon (m), 

nis = roughness of the inverted siphon, 

Lis = length of the inverted siphon (m), 

Ris = hydraulic radius (m), 

αis = local loss coefficient of the inverted siphon, and 

Ais = wetted cross-sectional area of the inverted siphon (m2), respectively. 

Model solution 

The Preissmann four-point implicit difference method is used to discretize the Saint Venant 
equations due to its advantages of fast convergence, high efficiency, and good stability (Lyn 
and Goodwin 1987). The Taylor-series expansion method (Gottardi and Venutelli 2008) is 
used in Equation 5, and then the second-order and higher terms can be omitted. The 
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linearized control equation is combined with the linearized Saint Venant equations, and the 
Chase method is used to solve the problem (Wang et al. 2015). 

2.2 K-nearest neighbour algorithm 
The KNN is a non-parametric method developed by Evelyn Fix and Joseph Hodges in 1951 
and further improved by Thomas Cover. This algorithm is widely used for prediction 
problems because it is very simple to implement. The main idea of this algorithm is to 
calculate the distance between each sample and the target sample based on the feature 
vector and then sort based on the calculated distance. The nearest k samples are weighted 
to obtain the final prediction results. The size of the measurement distance reflects the 
degree of similarity between the feature vector and the history vector, and it can search for 
data that is most like the current state from the database. In this study, the Euclidean 
distance is used to measure the distance size, which is described as follows.  

In the n-dimensional space, the formula for the Euclidean distance do between two points 
can be expressed using Equation 8: 

𝑑𝑑0 = �∑ (𝑥𝑥𝑖𝑖 − 𝑦𝑦𝑖𝑖)𝑛𝑛
𝑖𝑖=1

2 (8) 

Where: 

xi = i-th component of the feature vector, and 

yi = i-th component of the corresponding vector in the database. 

2.3 Ensemble Kalman filter 
The Ensemble Kalman filter algorithm was put forward by Evensen in 1994. Now, it is widely 
used in ocean, atmosphere, hydrology, groundwater, and other fields because of its 
simplicity and efficiency. 

The assimilation process of the ensemble Kalman filter is as follows: 

Prediction 

According to the state equation, the ensemble state is predicted, and its average value is 
calculated using Equations 9 and 10: 

𝑥𝑥𝑖𝑖,𝑛𝑛+1
𝑓𝑓 = 𝑓𝑓�𝑥𝑥𝑖𝑖,𝑛𝑛𝑎𝑎 ,𝜃𝜃,𝑢𝑢𝑝𝑝� + 𝜀𝜀𝑖𝑖,𝑛𝑛   𝜀𝜀𝑖𝑖,𝑛𝑛~(0,𝐺𝐺𝑛𝑛) (9) 

𝑥̅𝑥 𝑛𝑛+1
𝑓𝑓 = 1

𝑚𝑚
∑ 𝑥𝑥𝑖𝑖,𝑛𝑛+1

𝑓𝑓𝑚𝑚
𝑖𝑖=1  (10) 
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Where: 

f = model operator, 

θ = model parameter, 

up = forced input of the model, 

𝑥𝑥𝑖𝑖,𝑛𝑛+1
𝑓𝑓  = predicted value of the state variable for the i-th set at time n+1, 

𝑥𝑥𝑖𝑖,𝑛𝑛𝑎𝑎  = analysis value of the state variable for the i-th set at time n, 

εi,n = model error of the i-th set at time n, which follows the normal 
distribution with a mean of 0 and a variance of Gn, 

𝑥̅𝑥 𝑛𝑛+1
𝑓𝑓  = average value of the predicted set state at time n+1, and 

m = number of sets, respectively. 

The observation values of the predicted states of the set and their average values are 
calculated using Equations 11 and 12: 

𝑦𝑦� 𝑖𝑖,𝑛𝑛+1 = 𝐻𝐻�𝑥𝑥𝑖𝑖,𝑛𝑛+1
𝑓𝑓 � (11) 

𝑦𝑦� 𝑛𝑛+1 = 1
𝑚𝑚
∑ 𝑦𝑦�𝑖𝑖,𝑛𝑛+1𝑚𝑚
𝑖𝑖=1  (12) 

Where: 
𝑦𝑦� i,n+1 = observation value of the predicted state, 

𝑦𝑦�n+1 = average of the observation values, and 

H = observation operator. 

Update 

The error covariance matrix of the observed prediction value ∑  𝑦𝑦𝑦𝑦
𝑛𝑛+1 , the cross-covariance 

matrix between the state prediction value ∑ ,𝑥𝑥𝑥𝑥
𝑛𝑛+1  and the observed prediction value are 

calculated using Equations 13 and 14. Since the true value is unknown, the mean value of 
ensemble prediction is taken as the true value in the ensemble Kalman filter. 

∑ =𝑦𝑦𝑦𝑦
𝑛𝑛=1

1
𝑚𝑚−1

�𝑦𝑦� 𝑖𝑖,𝑛𝑛+1−𝑦𝑦� 𝑛𝑛+1��𝑦𝑦� 𝑖𝑖,𝑛𝑛+1−𝑦𝑦� 𝑛𝑛+1�
𝑇𝑇 (13) 

∑ =𝑥𝑥𝑥𝑥
𝑛𝑛+1

1
𝑚𝑚−1

∑ �𝑥𝑥𝑖𝑖,𝑛𝑛+1
𝑓𝑓 − 𝑥𝑥𝑛𝑛+1

𝑓𝑓 � �𝑦𝑦� 𝑖𝑖,𝑛𝑛+1 − 𝑦𝑦� 𝑛𝑛+1�
𝑇𝑇𝑚𝑚

𝑖𝑖=1  (14) 

Then, the Kalman gain matrix 𝐾𝐾𝑛𝑛+1 and the corrected state analysis values 𝑥𝑥𝑖𝑖,𝑛𝑛+1𝑎𝑎  are 
calculated using Equations 15–17: 

𝐾𝐾𝑛𝑛+1 = ∑ �∑ +𝑦𝑦𝑦𝑦
𝑛𝑛+1 𝑅𝑅𝑛𝑛+1�

−1𝑥𝑥𝑥𝑥
𝑛𝑛+1  (15) 
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𝑦𝑦𝑖𝑖,𝑛𝑛+1 = 𝑦𝑦𝑛𝑛+1 + 𝜉𝜉𝑛𝑛, 𝜉𝜉𝑛𝑛~(0, 𝑆𝑆𝑛𝑛) (16) 

𝑥𝑥𝑖𝑖,𝑛𝑛+1𝑎𝑎 = 𝑥𝑥𝑖𝑖,𝑛𝑛+1
𝑓𝑓 + 𝐾𝐾𝑛𝑛+1�𝑦𝑦𝑖𝑖,𝑛𝑛+1 − 𝑦𝑦� 𝑖𝑖,𝑛𝑛+1� (17) 

Where: 
Sn = observing the variance of noise, 

ξn = observation noise, which follows the normal distribution with a mean of 0, and a 
variance of Sn, 

yi,n+1 = observation value after adding noise disturbance for the i-th time at n+1, 

()T = transposition, and 

Rn+1 = covariance of measurement noise at n+1 

2.4 Evaluation indicators 
To verify the superiority of the models proposed in the paper, the prediction ability of each 
model is evaluated by using Root-mean-square error (RMSE), Mean absolute error (MAE) 
and Nash efficiency coefficient (NSE) in Equations 18–20, respectively: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑚𝑚
∑ �ℎ(𝑡𝑡) − ℎ�(𝑡𝑡)�

2
𝑚𝑚
𝑡𝑡=1  (18) 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑚𝑚
∑ �ℎ(𝑡𝑡) − ℎ�(𝑡𝑡)�𝑚𝑚
𝑡𝑡=1  (19) 

𝑁𝑁𝑁𝑁𝑁𝑁 = 1 −
∑ �ℎ(𝑡𝑡)−ℎ�(𝑡𝑡)�

2𝑚𝑚
𝑡𝑡=1

∑ �ℎ(𝑡𝑡)−ℎ�(𝑡𝑡)�2𝑚𝑚
𝑡𝑡=1

 (20) 

Where: 

M = number of model test samples, 

h(t) = measured value (m), 

ℎ�(t) = simulated value (m), and 

ℎ�(t) = average of the measured values (m). 

3. STUDY AREA 
The Jiaodong Water Transfer Project is located in Shandong Province, China, and it has 
supplied 2.515 billion m3 water to the Jiaodong area and thus plays a critical role in its 
social and economic development. The Songzhuang-Bushang section of the project is 
selected as the study area, which is 90.54 km long, has 2 pumping stations, and 20 
inverted siphons (Figure 2). The bottom width of the channel is 3.50–8.20 m, the side slope 
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coefficient is 1–2, and the bottom slope is 0.05–0.10%. The parameters of the channel and 
inverted siphon are shown in Table 1 and Table 2, respectively. The design discharge of 
pumping station P1 is 20.7 m³/s. This station has 6 pump units (4 in use and 2 as back-up) 
with 4 main pumps (1400HD-9) and 2 regulating pumps (1000HDS-9). The design discharge 
of pumping station P2 is 19.7 m³/s. This station also has 6 pump units (4 in use and 2 as 
back-up) with 4 main pumps (1400HD-14) and 2 regulating pumps (1000HDS-12). 

Table 1 Characteristic parameters of the channel. 
Channel Start stake 

number  
(m) 

End stake 
number  
(m) 

Inlet bottom 
elevation  
(m) 

Outlet bottom 
elevation  
(m) 

Bottom 
width  
(m) 

Slope 
coefficient 

Manning’s 
roughness 
coefficient 

L1 -0+023 35+845 6.5 2.1 4.5–8.2 2 0.016 

L2 35+845 57+705 9.3 6.59 3.5–6.5 2 0.018 

L3 57+705 90+540 19.65 14.29 4.5–6.4 1.5–2 0.013 

 

Figure 2 Layout of the Jiaodong water transfer project.  

L1

L2

L3
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Table 2 Characteristic parameters of the inverted siphon. 
Inverted 
siphon 

Start stake number 
(m) 

Number 
of holes 

Hole size  
(width × height) 

Length  
(km) 

1 4+465 2 2.5×2.5 0.094 

2 5+025 2 3.0×3.0 0.421 

3 12+850 2 3.0×3.0 0.0855 

4 18+271 2 3.0×3.0 0.161 

5 25+056 2 3.0×3.0 0.235 

6 30+161 2 3.0×3.0 0.447 

7 36+560 2 3.0×3.0 0.0832 

8 37+399 2 3.0×3.0 0.0752 

9 41+488 2 3.5×3.5 0.0919 

10 41+775 2 3.0×3.0 0.0812 

11 47+171 2 3.0×.0 0.224 

12 50+801 2 3.0×.5 0.116 

13 52+995 2 3.0×2.5 0.156 

14 54+940 2 3.0×2.5 0.0892 

15 59+870 2 3.0×3.0 0.065 

16 69+500 2 3.0×3.0 0.694 

17 79+711 2 3.0×2.5 0.177 

18 86+219 2 3.0×3.0 0.4 

19 87+897 2 3.0×2.5 0.0752 

20 89+272 2 3.0×2.5 0.0952 

A discharge monitoring station is arranged at the channel inlet, and a water level 
monitoring station is arranged at the channel outlet. Four water level monitoring stations 
are also arranged in the forebays and afterbays of the two pumping stations, while two 
discharge monitoring stations are installed inside the two pumping stations. All data are 
recorded at a time interval of 2 hours. 

4. RESULTS AND DISCUSSION 
The model parameters were calibrated using the measured water level and discharge data 
for the period from April 9 to April 19, 2019. The model was validated using measured data 
for the period from April 20 to April 30, 2019. The upstream boundary of the model was 
specified as the inflow discharge at the inlet, while the downstream boundary was 
specified as the water level at the outlet. Three methods were adopted to set the initial 
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values, which were combined with or without data assimilation, and then resulted in a total 
of six distinct schemes. Their performances were compared. The detailed configurations of 
each scheme are presented in Table 3, and the comparison results are presented in Figure 
3. 

Table 3 Scheme settings. 
Scheme Description 

KNN-OPEN KNN is used to find the water level and discharge data closest to the current state in 
the database as the initial value of the model. No data assimilation is performed for 
prediction. 

IN-OPEN The initial value of the model is obtained by interpolation based on the water level 
and discharge data of the current observation point. No data assimilation is 
performed for prediction. 

CF-OPEN The constant flow process is calculated based on the current upstream discharge 
and downstream water level of each channel section, which is used as the initial 
value of the model. No data assimilation is performed for prediction. 

KNN-ENKF KNN is used to find the water level and discharge data closest to the current state in 
the database as the initial value of the model. ENKF is used for data assimilation 
every two hours. 

IN-ENKF The initial value of the model is obtained by interpolation based on the water level 
and discharge data of the current observation point. ENKF is used for data 
assimilation every two hours. 

CF-ENKF The constant flow process is calculated based on the current upstream discharge 
and downstream water level of each channel section, which is used as the initial 
value of the model. ENKF is used for data assimilation every two hours. 
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Figure 3 Comparison of prediction results among six schemes during the validation period: 
(a) MAE, (b) RMSE, and (c) NSE. 
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4.1 Impact of initial value setting on the prediction results 
Figure 3 reveals that KNN-OPEN yields the smallest prediction error, especially for the 
water level in front of the pumping station. Compared to IN-OPEN and CF-OPEN, the MAE 
obtained by KNN-OPEN for the predicted water level in front of P1 (0.0923 m) is reduced by 
81.39% and 5.53%; the RMSE is reduced by 80.00% and 4.93%; and the NSE is increased 
by 2.67 and 0.0, respectively. Similarly, the MAE obtained by KNN-OPEN for the predicted 
water level in front of P2 is reduced by 61.92% and 60.72%; the RMSE is reduced by 57.16% 
and 71.80%; and the NSE is increased by 1.24 and 1.72, respectively. This indicates that 
the initial values obtained by the KNN algorithm can best match the current actual state, 
thereby improving the accuracy of the model. It is necessary to obtain accurate initial 
values to ensure the accuracy of the hydrodynamic model. As the initial values are spatially 
heterogeneous due to the undulating terrain of the channel and numerous buildings along 
the project, the initial values obtained by simple interpolation are most different from the 
actual situation, hence the worst prediction accuracy. The flow in the channel is not steady 
during actual operation, resulting in a potential difference between the steady initial value 
setting and the actual situation and consequently low prediction accuracy of water levels. 
Thus, the KNN algorithm is used in this study to improve the accuracy of the initial values. 
He et al. (2022) successfully predicted short-term wind power using the KNN algorithm. 
Liang et al. (2018) believed that if a complete database is available, the KNN algorithm can 
better adapt to uncertain, time-varying, and nonlinear short-term prediction problems. In 
this study, the KNN algorithm is used to predict water regime data at other locations along 
the route based on the water regime data of main observation stations. If there is a 
complete water regime database, accurate initial values can be obtained. 

KNN-ENKF yields the lowest MAE and RMSE and the highest NSE, especially for the water 
level in front of the pumping station. Compared to IN-ENKF and CF-ENKF, the MAE for the 
predicted water level in front of P1 obtained by KNN-ENKF is reduced by 23.19% and 
0.63%, and the RMSE is reduced by 46.42% and 0.80%; while the MAE for the predicted 
water level in front of P2 is reduced by 12.54% and 13.52%, and the RMSE is reduced by 
12.91% and 15.14%, respectively. 

It is concluded that the initial condition set by the KNN method is closest to the actual 
situation. The impact of different parameters, including feature vector and the number of 
nearest neighbours K, on the initial condition of the model is further discussed. 

Effect of feature vector on model prediction 

The feature vector is important for the KNN algorithm, and the selection of an appropriate 
feature vector is dependent on the actual situation. In this study, 9 feature vectors are set 
(Table 4), and their impacts on the prediction results are compared, as shown in Figure 4. 
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Table 4 Scheme settings. 
Scheme Feature vector 

T1 h1t, h2t 

T2 h1t-1, h1t, h2t-1, h2t 

T3 h1t-2, h1t-1, h1t, h2t-2, h2t-1, h2t 

T4 q1t, q2t 

T5 q1t-1, q1t, q2t-1, q2t 

T6 q1t-2, q1t-1, q1t, q2t-2, q2t-1, q2t 

T7 h1t, h2t, q1t, q2t 

T8 h1t-1, h1t, h2t-1, h2t, q1t-1, q1t, q2t-1, q2t 

T9 h1t-2, h1t-1, h1t, h2t-2, h2t-1, h2t, q1t-2, q1t-1, q1t, q2t-2, q2t-1, q2t 

NOTE: h1 represents the upstream water level, h2 represents the downstream 
water level, q1 represents the upstream discharge, q2 represents the 
downstream discharge, subscript t represents the current moment, t-1 
represents the previous moment, t-2 represents the previous two moments 

 

Figure 4 Comparison of prediction errors under different schemes. 
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prediction results, and the average error for the water level can be controlled within 0.1 m, 
and the prediction error of T1 is lower than that of T2 and T3. However, the results obtained 
by using both water level and discharge data are rather unstable. In T9, the MAE is lowest 
for the water level in front of P1, and highest for that in front of P2. In T8, the MAE is lowest 
for the water level in front of P2, and the water level in front of P1 is as high as 0.1175 m. 
This indicates that the water level data is an important feature vector that affects the 
selection of the initial values, which may be because the initial water level has a greater 
impact on the prediction compared to the initial discharge.  

Experiments were conducted to verify this hypothesis, in which the results of T1 were taken 
as the actual values, and the initial water level and discharge were increased by 10%, 20%, 
and 30%, respectively. Note that the initial water level and discharge are increased rather 
than decreased to prevent the model from collapse due to low water level. The results were 
calculated and compared with the results of T1, as shown in Figure 5. 

Figure 5 Comparison of prediction errors under different schemes. 
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not only reduce the computational complexity but can also improve the accuracy of the 
initial values of the model. 

Impact of K-value on model prediction 

In general, there are no strict rules for the selection of K-values. To determine an 
appropriate K-value, four K-values (1, 3, 5, and 10) were set in this section, and the 
corresponding simulation results are shown in Figure 6. It is found that there is almost no 
difference in MAE among the four schemes, indicating that K-value has no significant 
influence on the selection of the initial value. For the sake of computational efficiency, the 
K-value is taken to be 1 in this study. 

Figure 6 Comparison of prediction errors under different schemes. 

4.2 Impact of data assimilation on model prediction 
It can be seen from Figure 3 that the MAE and RMSE for the water level in front of P1 are 
decreased by 65.55–91.65% and 64.07–86.59% after data assimilation; and that behind P1 
are decreased by 10.61–51.33% and 9.78–48.60% after data assimilation, respectively. The 
error for the water level before and after P2 is also decreased. This is because data 
assimilation can use the latest data to correct the model state at the current time and 
reduce the accumulation of errors and thus improve the prediction accuracy at the next 
time. Similar results have also been reported for the prediction of water regimes of rivers. 
Gu and Lai (2021) used the ensemble Kalman filter method to build the water regime data 
assimilation model. It was found that the prediction error of the model was reduced by 40% 
after data assimilation for the Taihu Lake basin. Huang et al. (2017) found that using snow 
water equivalent data for assimilation effectively improved the prediction accuracy of 
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seasonal runoff. Patil and Ramsankaran (2018) proposed an assimilation strategy coupling 
the soil moisture analysis relationship with the ensemble Kalman filter, which could 
significantly improve the prediction accuracy of runoff. 

To better understand the impact of ensemble Kalman filter on the prediction results, the 
assimilation results are analyzed in the following sections. 

Impact of ensemble size on the assimilation results 

The ensemble size is an important parameter for the accuracy and efficiency of the 
ensemble Kalman filter model. In this section, five ensemble sizes (10, 30, 50, 100, and 
200) were set and the MAEs for the water level were calculated to determine the most 
appropriate ensemble size, as shown in Figure 7. 

Figure 7 Comparison of prediction errors under different schemes. 
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Table 5 Scheme settings. 
Scheme Observation data 

A1 Water level in front of and behind P1 and P2 discharge of P1 and P2 

A2 Water level in front of and behind P1 and P2 

A3 Water level in front of P1 and P2 

A4 Water level behind P1 and P2 

A5 Discharge of P1 and P2 

A6 No data assimilation 

Figure 8 shows that the prediction accuracy of the water level in front of P1 and P2 in A1–A3 
is significantly higher than that in A4–A6, indicating that if the water level data in front of the 
pumping station is included, the prediction error can be significantly reduced. Similarly, the 
prediction error for the water level behind P1 and P2 in A1, A2, and A4 is lower than that in 
A3, A5, and A6. Thus, the inclusion of the water level data behind the pumping station into 
the assimilation data can significantly reduce the prediction error.  

Figure 8 Comparison of prediction errors under different schemes. 
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continuity of the water flow in an open-channel water transfer project, and therefore the 
water levels before and after the pumping station are not significantly correlated with each 
other.  

Impact of interval time on the assimilation results 

The interval time may also play an important role in the assimilation of the ensemble 
Kalman filter model. In this study, five time intervals (2 h, 4 h, 8 h, 12 h, and 16 h) were set, 
and the prediction errors under different schemes were calculated, as shown in Figure 9. 

Figure 9 Prediction error of different interval time. 
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Table 6 Comparison of results using different methods. 
Interval time Water level in 

front of P1  
(m) 

Water level 
behind P1  
(m) 

Water level in 
front of P1  
(m) 

Water level 
behind P2 
(m) 

Assimilation 
number 

Calculation 
time  
(s) 

2 h 0.0342 0.0354 0.0342 0.0102 120 154 

4 h 0.0383 0.0387 0.0410 0.0105 60 113 

Adaptive 0.0347 0.0370 0.0316 0.0103 77 119 

Table 5 shows that the number of assimilation times is 77 with the use of adaptive 
assimilation strategy, which is 43 less than that under a 2-h assimilation. The 
computational time is 119 s, which is reduced by 22.73%. However, the MAE for the water 
level in front of and behind P1 is increased by only 1.44% and 4.32%, and that behind P2 is 
increased by only 0.97%. The MAE for the water level in front of P1 is increased by 7.60%. 
Compared to the 4-h assimilation, the assimilation number for the adaptive assimilation 
strategy is increased by 17 times; the computational time is increased by 5.04%; and the 
error is reduced by 0.80–22.93%. Notably, the error for the water level in front of P1 and P2 
is decreased by 9.40% and 22.93%, respectively. This indicates that the adaptive 
assimilation strategy can correct the model when there is a significant deviation in the 
model results, thereby reducing unnecessary assimilation while ensuring the calculation 
accuracy of the model. It should be noted that this strategy may be suitable not only for 
predicting water level but also for predicting water quality and temperature. Different 
assimilation thresholds can be set based on actual engineering needs. 

5. CONCLUSIONS 
This paper proposes a new prediction model for open-channel water transfer projects with 
pumping stations based on KNN-ENKF. The KNN algorithm is used to obtain the water 
regime data along the route that is closest to the current water state as the initial value of 
the model, which can ensure the prediction accuracy in the initial stage. To reduce the 
influence of uncertainties on the model, the ensemble Kalman filter model is introduced to 
correct the model in real time. The main conclusions are as follows.  

1. The KNN algorithm can more effectively improve the prediction accuracy of the 
water level than the interpolation or the steady state start-up method. Compared to 
IN-OPEN and CF-OPEN, the MAE is reduced by 81.39% and 5.53%, the RMSE is 
reduced by 80.00% and 4.93%, and the NSE is increased by 2.67 and 0.01, 
respectively, for the predicted water level in front of P1 obtained by KNN-OPEN; 
while the MAE is reduced by 61.92% and 60.72%, the RMSE is reduced by 57.16% 
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and 71.80%, and the NSE is increased by 1.24 and 1.72, respectively, for the 
predicted water level in front of P2. 

2. Data assimilation with different initial values leads to obviously better prediction of 
the water level, especially the water level in front of the pumping station. After data 
assimilation, the MAE and RMSE for the water level in front of P1 are decreased by 
65.55–91.65% and 64.07–86.59%; and that in front of P2 are decreased by 62.74–
83.78% and 63.55–84.13%, respectively. 

3. The initial water level has a significant impact on the prediction results, while the 
impact of the initial discharge can be negligible. When the KNN algorithm is used to 
obtain the initial value, only upstream and downstream water levels at the current 
time are selected as the feature vectors. The K-value has little effect on the 
selection of the initial values. For the sake of computational efficiency, the K-value 
is taken to be 1. 

4. The maximum error for the water level is obtained at an ensemble size of 10, and no 
significant difference is observed in the error at ensemble sizes greater than 50. To 
balance prediction accuracy and computational efficiency, the ensemble size of 50 
is selected. The presence of a pumping station influences the assimilation effect of 
two adjacent stations, and data assimilation for one observation station will not 
improve the prediction accuracy of the other observation station. 

5. The prediction errors increase as the interval time increases, especially for the 
water level in front of the pumping station. The MAE for the water level in front of P1 
and P2 under a 2-h assimilation is decreased by 34.37% and 43.30% compared with 
that under a 16-h assimilation. Compared to a 2-h assimilation, the number of 
assimilation times is reduced by 43; the model calculation time is reduced by 
22.73%; but the error for the water level is increased by 0.97–4.32% with the use of 
adaptive assimilation strategy. 

While the method proposed in this paper can enhance the simulation accuracy, it 
necessitates the pre-calculation of numerous operating conditions and rich database 
information. As the project operates over an extended period, model parameters such as 
roughness may undergo changes, which could lead to a decline in model accuracy. 
Therefore, both model parameters and states should be corrected simultaneously to 
further improve the simulation accuracy of the model. 
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