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Fig. 1 Comparison of actual operating efficiency and theoretical

efficiency of units in Pizhou pumping station
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Fig.2 Flow chart of data preprocessing

KA LFEH R ¢ 389



2% F2 BMAAESARBEFE) 2024 5 4 A

1.2 HaRA-FeikF

— GO, A5 S0 R W RCR T R R - -
FE A LA SRR, P A B o L K s o
TR E], % BRI R Ak IR | R
T PN B 4 LA R YA R I AR 1 A A AN A o
JETEAS [l it 2 1) 22 e 4 2 FhiR 2 5 N K, 1850 07
Al Sk e ] 3o AR T RE AT AR AR 25 40 B, 15 3 Ak
RIFLEHK

IR i e B o VAN T N VR (B SRR N
SIS PR T AR 4 R 0 5 i WL 4L 2803 4 4 3
e, g 1R, SEE A SE EK AL, vl R Kk B
(ML AL 1 4 S PR T VE R A
Xt 10 PR BEAT I 25, 3 56 ML St . F A
FEAR 3 AN DR T g R AR % 22 R AR [R] ¢ (6]
DRI HEA 5 R ) A0 SR BEA T 6F EE 20T

R HWETFERE

Tab. 1 Parameter setting in polynomial model
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Tab. 2 Information on the configuration of the pumping station unit
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Tab.3 Implementation methods of the six types of models

iR WOAES THA
MLR MATLAB2023b 2% > 2%
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Tab. 4 Parameter setting in polynomial model
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Tab. 5 Neural network model parameter setting
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Fig. 3  Egys index of ten model test sets
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Simulation model for operational efficiency of typical pumping stations
in the Jiangsu section of the Eastern Route of the South-to-North Water
Transfers Project

YANG Jingrenl’z, WANG Chao®, LEI Xiaohui’>, HE Zhongzheng3
( 1. School of Water Conservancy and Hydropower, Hebei Engineering University, Handan 056002, China; 2. China Institute of Water Resources and

Hydropower Research, Beijing 100038, China; 3. School of Architectural Engineering, Nanchang University, Nanchang 330031, Jiangxi, China )

Abstract: With China's extensive water transfers projects underway, the focus has shifted towards optimizing their
operation, highlighting the significance of pumping station efficiency studies. The efficiency characteristic curve, a
fundamental feature, plays a crucial role in optimizing station operation by utilizing measured head-flow data.
However, long-term operation introduces efficiency errors, stemming from design inaccuracies, mechanical losses,
fluid friction, operational errors, and improper maintenance. This is evident in cases like pumping Unit 4 at the
Pizhou station, where substantial disparities between actual and theoretical efficiency exist, necessitating precise
efficiency simulation models to align optimization schemes with the actual optimal state. Recent endeavors have
integrated machine learning algorithms like polynomial regression, Gaussian process regression, and neural
networks into hydraulic forecasting and simulation, offering promising avenues for pumping station efficiency
simulation. Therefore, employing artificial intelligence techniques to investigate pumping station efficiency
simulation was proposed, focusing on a representative station of the Eastern Route of the South-to-North Water
Transfers Project.

The efficiency simulation of pumping units in water management systems is a critical task, demanding
meticulous preprocessing of operational data and the selection of appropriate modeling techniques. Initially, data
preprocessing involves aligning time-stamped measurements, clustering data into windows, and handling anomalies
to ensure data quality. Various influencing factors, such as flow rates, water levels, and blade rotating angles, are
scrutinized to optimize efficiency modeling. Traditional methods, like Polynomial Regression and Multivariate
Linear Regression, are contrasted with advanced techniques including decision regression trees, support vector
regression, Gaussian process regression, and neural networks. Each method offers unique advantages, such as the
interpretability of decision trees and the flexibility of neural networks. Training these models involves careful
parameter selection and validation using established metrics like root mean squared error and determination
coefficient. Python and MATLAB are prominent tools used for implementation, offering libraries and functions
tailored for regression tasks.

The average indicators of the eight pumping units indicate that GPR (Gaussian process regression) models with
three different kernel functions (RQ, SE, E) exhibit the best overall performance in simulating the efficiency of the
four units at the Pizhou station and the four units at the Suining station. The indicator shows the three GPR models
are around 0.34 to 0.36, while ANN, DNN, and MLR are slightly above 0.5, with other models showing poorer
performance. In terms of the R? indicator, except for DRT and SVM models, which are approximately between 0.7
and 0.8, all other models score above 0.9. Regarding the E,; indicator, traditional polynomials (2nd PR and 3rd PR)
perform the worst, while other models are within approximately 5, with the three GPR models ranging from 3.2 to
3.5, showing better performance. Considering the five metrics Egys, Eua, R?, Eys and Ey;, the GPR models
demonstrate the best overall performance among various traditional and machine learning methods in the
comprehensive testing. Comparing efficiency simulation methods, incorporating station upstream and downstream
water levels alongside traditional head as features yielded superior results, notably enhancing model performance in
various metrics. This approach, particularly evident in GPR models, addresses non-linear relationships and potential
error sources in head calculations. Utilizing station water levels directly improves model accuracy, offering a more
intuitive analysis of influencing factors.

In conclusion, after analyzing ten regression models for pump efficiency simulation, the GPR model emerged as
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the most effective, outperforming traditional polynomial methods. Evaluation metrics showed significantly superior
performance of GPR over other models, evidenced by reduced errors across various indicators when applied to
training datasets of eight pump units at two stations. Substituting station water levels for traditional head as input
features yielded notable improvements in model accuracy, particularly evident in GPR models. For instance, using
GPR for efficiency simulation at one pump unit resulted in average and maximum absolute errors within 0.50% and
3.20% respectively, while employing water levels instead of head further reduced these errors to 0.41% and 2.30%.
This enhancement signifies a substantial improvement over current methods, offering precise efficiency simulation

crucial for optimizing pump station operations.

Key words: machine learning; deep learning; Gaussian process regression; pumping station efficiency simulation;

Eastern Route of South-to-North Water Transfers Project

(L% 347 W)

The results indicate that, although the overall intensity of extreme precipitation events exhibited a decrease
during the recent period, there was a discernible upward trend in the frequency of these events, specifically between
the years 2015 and 2020. Subsequently, distinct computations of the HEV were carried out. The findings revealed
higher hazard values concentrated in the eastern regions of the Guanzhong zones and southern Shaanxi, while
relatively lower hazard values in the southern part of northern Shaanxi. Notably, Xi'an City was the highest exposure
index in the province, while Yulin in northern Shaanxi had the lowest exposure index. The central parts of both the
Guanzhong zones and Hanzhong showed higher vulnerability values, in contrast to the lower vulnerability values in
the northern part of Hanzhong and the southern part of Baoji. Considering the comprehensive attributes
encompassing hazard, exposure, and vulnerability, the risk analysis pinpointed several notable zones. Xianyang
City's southern part, the northern part of Xi'an City, and the central part of Hanzhong were identified as high-risk
zones, significantly susceptible to the impacts of extreme precipitation. On the other hand, the southern part of Xi'an
City and the northern part of Hanzhong, characterized by higher exposure but lower hazard and vulnerability, fell
within the medium-risk category. Areas with relatively lower socio-economic development, such as the northern
regions of Shaanxi and the southern part of Baoji, were designated as low-risk zones within the context of this
comprehensive risk assessment framework. Guided by the research findings, relevant authorities should emphasize
specific strategies when addressing the impacts of extreme precipitation on agricultural production and livelihoods.

In regions predominantly influenced by extreme precipitation intensity and frequency, like the southern part of
Xianyang City, it is essential to enhance the precision and accuracy of early warnings and forecasts and refining
responsive mechanisms. In high-risk areas primarily shaped by topography, such as the central part of Hanzhong
City, appropriately increasing vegetation cover based on local water carrying capacity and improving agricultural
infrastructure are recommended. In areas marked by high-density rural economies, such as the northern part of Xi'an
City, efforts should be directed towards enhancing the disaster resilience of agricultural activities through crop
optimization and management. This multidimensional risk analysis provides a theoretical foundation, enabling
agricultural and water resource management authorities to effectively address the increasingly frequent and intense

extreme precipitation disasters in a changing environment.

Key words: climate change; Shaanxi Province; extreme precipitation; agricultural production; risk assessment.
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