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Abstract. The presence of abnormal rainfall stations in the basin will affect the 

quality of hydrological model input, thereby reducing the simulation accuracy of 

the hydrological model. In order to improve the simulation accuracy of the hy-

drological model, this paper attempts to first calculate the rainfall process missing 

index and rainfall process similarity index, and use the DBSCAN clustering al-

gorithm to cluster the calculated index to screen out the missing abnormal sta-

tions; secondly, a lumped Xin'anjiang model is constructed to simulate the long 

flow of 1h, 3h, and 6h before and after the screening of abnormal rainfall stations; 

finally, the simulation results of the hydrological model are evaluated by the NS 

of the model simulation results and the Re of the water volume simulation. The 

results of the closed basin above the Xiangtun Station of Le'an River as the re-

search object show that after using the method proposed in this paper to remove 

the abnormal rainfall station data, the NS of the model simulation is increased by 

0.07, and the relative error of the water volume simulation is increased by 

18.08%, which has a certain effect on improving the accuracy of the hydrological 

model simulation. 

Keywords: Rainfall Station, Anomaly Detection, Rainfall Process Index, 

Xin'anjiang Model, DBSCAN Clustering 

1 Introduction 

Rain gauges are widely distributed and numerous as the main facilities for monitoring 

hydrological data. However, when monitoring rainfall data, a large number of rain 

gauges inevitably have abnormal situations such as missing measurements, missed 

measurements, and misreporting. As the input data of the hydrological model, the qual-

ity and authenticity of rainfall data have a great impact on the output results of the 

model. The output results of the hydrological model will also affect actual production  
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processes such as flood forecasting, water resources allocation, and reservoir schedul-
ing [1]. In the modeling process, hydrologists need to prepare many years of rainfall
data as the input of the model. In the face of a large amount of rainfall data, how to
accurately filter out the data of abnormal stations is important for the refined hydrolog-
ical simulation of the basin. By screening the hydrological stations in the region and
providing high-quality data input for the hydrological model under the condition of
reducing the station density, can the accuracy of the hydrological simulation be im-
proved? In this regard, it is necessary to further explore the impact of removing regional
abnormal rainfall data on the simulation accuracy of the hydrological model through
experimental design.

An outlier is an outlier that deviates from the group[2]. The abnormal rainfall data
monitored by the rain gauge station in the basin is manifested as the rainfall process or
the recorded value does not conform to the rainfall law. At present, anomaly detection
technology mainly includes three categories: statistical method, deep learning (DL),
and machine learning (ML)[3]. The anomaly detection of rainfall data mostly adopts
statistical methods, such as Hampel method, Grubbs criterion, and Raida criterion. Sta-
tistical methods calculate the statistics of the data as the confidence interval and regard
rainfall data outside the interval as abnormal[4][5][6]. Liu Xiulin et al. used the Grubbs
criterion to detect the cumulative rainfall value and screened out the annual rainfall data
of suspicious stations[7]. Gao Yueming et al. applied statistical methods such as Raida
criterion, Chauville criterion, Grubbs test, and Dixon test to detect whether the rainfall
at a certain point is abnormal in the spatial dimension[8]. Tian Jiyang et al. combined
the Hampel method and Grubbs criterion with radar-assisted verification to identify
anomalies in large-scale rainfall monitoring data[9]. Chaudhary U et al. used statistics
such as coefficient of variation, skewness, and kurtosis to identify outliers in rainfall
data [10]. Deep learning constructs a multi-layer neural network structure, trains mas-
sive data, extracts complex features from it, and then provides accurate prediction re-
sults [11]. For hydrological time series data, most people use long short-term memory
(LSTM) network models to learn time features, and combine other detection algorithms
to build a coupling model [12][13] to identify abnormal data through simulation pre-
diction. Machine learning is to "learn" rules from a large number of samples through a
combination of various algorithms, and then use the rules to classify and predict data
samples [14]. Among them, the clustering algorithm puts samples with high similarity
in the data set in the same cluster, and samples with low similarity in different clusters
to detect abnormal samples in the data set.

DBSCAN is a density-based clustering algorithm that can adapt to data clustering of
arbitrary shape distribution. It does not need to set the number of clusters and can ef-
fectively identify the outliers in it [15]. In a certain area, the rainfall data monitored by
the rainfall station has a certain correlation [16][17]. Therefore, the DBSCAN cluster-
ing algorithm can be used to cluster the rainfall data in the basin to detect outliers. The
DBCSAN clustering algorithm is affected by two parameters: the neighborhood radius
(Eps) and the minimum number of data points in the neighborhood radius (Minpts)
[18][19]. In order to improve the accuracy of clustering results, many scholars have
conducted extensive research on the parameter selection of clustering algorithms
[20][21][22]. Jahirabadkar et al. determined parameters based on the distribution of
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data to adapt to data sets with varying density [23]. JH Kim et al. proposed an approx-
imate adaptive density clustering algorithm (AA-DBSCAN) to determine the Eps pa-
rameter and improve clustering performance [24]. Khan et al. proposed an ADBSCAN
algorithm to automatically determine the appropriate Eps and Minpts values to identify
all clusters in the data set [25].

In order to study the impact of rainfall data input on the accuracy of hydrological
model simulation, this paper takes the Le'an River Basin of Poyang Lake as the research
area, detects the rainfall data with missing anomalies in the rain gauge station, and im-
proves the quality of hydrological model input by removing the abnormal rainfall sta-
tion data. First, the rainfall process missing index and rainfall process similarity index
of the rain gauge station are calculated according to the distance weight; secondly, the
missing anomalies and singular points of the station are detected by the DBSCAN clus-
tering algorithm based on the calculated rainfall process index; finally, the impact of
different rainfall data inputs on hydrological model simulation is explored through ex-
perimental design.

2 Overview and Data of the Study Area

The Le'an River Basin is located in the northeast of Jiangxi Province. It originates from
the southern foot of Zhanggong Mountain in Wuyuan County, Jiangxi Province, and
flows from east to west into Poyang Lake. The basin area is 8376km2. The study area
of this paper is located in the closed basin above Xiangtun Station of Le'an River. The
basin area is 3893km2 and includes 84 rainfall stations. The average distance between
rainfall stations in the basin is 31.9km, and each station contains 8 years of rainfall
monitoring data. The distribution of rainfall stations in the study area is shown in Figure
1.

Fig. 1. Distribution map of rainfall stations in the study area
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3 Research Methods

This paper detects the anomaly of missing rainfall data, screens rainfall stations from
the perspective of missing detection and singular point detection, and then constructs a
lumped Xin'anjiang model for the Xiangtun station in the study area. Hydrological sim-
ulations are performed for the 1h, 3h, and 6h long time schemes before and after the
abnormal rainfall stations are removed, respectively, to explore the impact of different
rainfall data inputs on the simulation accuracy of the Xin'anjiang model. The overall
flow chart of this study is shown in Figure 2.

Fig. 2. Overall flow chart of the study
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3.1 Rainfall Process Missing Index

The spatial distribution of rainfall stations in the region will affect the similarity of
rainfall monitoring data. In order to reflect that the similarity of rainfall data at neigh-
boring stations is higher than that at remote stations, distance weighting (DW) is intro-
duced. In this paper, the Gaussian function is used to calculate the distance weight of
rainfall stations. The formula is as follows:
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Where: distance represents the straight-line distance between sites; a represents the
maximum weight value; b represents the minimum distance between sites; and c is the
parameter value for adjusting the maximum distance between sites to correspond to the
minimum weight.

The rainfall process missing index (RPMI) is used to describe the magnitude of rain-
fall data missing at the central site relative to other sites in the same time period. The
site to be calculated is recorded as the central site. The formula is as follows:
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Where: *( )klen S represents the number of rainfall data that the central station and the

k  th station did not monitor in the same time period; kDW represents the distance
weight between the central station and the k  th station.

3.2 Rainfall Process Similarity Index

The rainfall process similarity index (RPSI) of the site is used to describe the similarity
of the rainfall processes monitored between rainfall sites. The calculated rainfall pro-
cess similarity index is normalized, and the formula is as follows:
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Where: kEd is the Euclidean distance between the rainfall data of the central station
and the rainfall data of the k th station; N is the number of rainfall stations in the re-
gion; T is the number of moments of rainfall data at the rainfall station.

3.3 DBSCAN Clustering

The DBSCAN clustering algorithm is a density-based spatial clustering algorithm that
uses the spatial density of the data set as the basis for clustering, so there is no need to
set the number of clusters. The DBSCAN clustering algorithm can cluster arbitrarily
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distributed data and effectively identify outliers. Figure 3 is a schematic diagram of the
clustering process of the DBSCAN clustering algorithm.

Fig. 3. Clustering diagram of DBSCAN clustering algorithm
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In Figure 3, the neighborhood radius Eps of the DBSCAN clustering algorithm is 7,
and the minimum number of data points in the neighborhood Minpts is 4. The search
starts from the core point A, and the Eps range includes three data points B, C, and F.
Since point F does not meet the Minpts requirement within the Eps range, point F is a
boundary point. The core point propagates from point A to point B, and the data points
included in the Eps range of core point B meet the Minpts requirement. Similarly, the
core point propagates from point A to point D. When the propagation reaches point E,
since the Minpts requirement is not met within its Eps range, point E is also a boundary
point, and clustering ends. The red data points in the figure exceed the Eps range of
each core point and cannot be propagated by other core points, which are outliers.
Through the above process, data points A~F are finally clustered into one category, and
the remaining data points are identified as outliers.

3.4 Singularity Detection

The Grubbs criterion determines whether an outlier is abnormal by measuring the de-
gree to which the outlier is far from the sample mean[8]. In order to eliminate the shield-
ing effect of outliers on the same side, the mean in the original formula is replaced by
the median[26]. The annual cumulative rainfall of rain stations in the region is tested
using the Grubbs criterion to screen out rain stations with abnormal annual cumulative
rainfall. The formula is as follows:
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Where: 1x , nx are the maximum and minimum values of the sample sequence X  after

sorting, respectively; medianX is the median of the sample sequence X ; χ  is the stand-
ard deviation of the sample sequence X .

The process of Grubbs criterion for distinguishing abnormalities is as follows, where

0G  is the statistical critical coefficient obtained by checking the Grubbs critical value

table. If 1 nG G″ A and 1 0G G= , then 1x  is judged as an abnormal value and elimi-

nated; if 1nG G″  and 0nG G= , then nx  is judged as an abnormal value and elimi-

nated; if 0 1G G=  and 0 nG G= , then there is no abnormal value. If there is an abnor-
mal value, it will be eliminated and the above process will be repeated with the remain-
ing samples until no abnormal value is eliminated.

The suspicious stations screened by the Grubbs criterion and the suspicious stations
detected by the DBSCAN clustering algorithm for the rainfall process similarity index
are compared with the rainfall values monitored by the adjacent non-suspicious stations
in the same time period. When the rainfall value of a certain period of the suspicious
station differs from the rainfall value of the same period of the adjacent station by more
than one rainfall level [9], and the monitored rainfall value is 0, the monitored rainfall
value of the suspicious station in this period is judged to be a singular point. Table 1 is
a rainfall level classification table.

Table 1. Rainfall classification table

rainfall (mm)
1h 3h 6h 12h 24h

light rain 0.1~1.5 0.1~2.9 0.1~3.9 0.1~4.9 0.1~9.9
moderate rain 1.6~6.9 3~9.9 4~12.9 5~14.9 10~24.9

heavy rain 7~14.9 10~19.9 13~24.9 15~29.9 25~49.9
rainstorm 15~39.9 20~49.9 25~59.9 30~69.9 50~99.9

heavy rainstorm 40~49.9 50~69.9 60~119.9 70~139.9 100~249.9
extremely heavy rainstorm >=50 >=70 >=120 >=140 >=250

Note: Refer to the meteorological department’s rainfall classification standards.
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3.5 Model Calibration and Testing

This paper uses the Nash efficiency coefficient (NS) and the relative error (Re) of water
volume simulation as evaluation indicators of model simulation effect [27]. The NS
coefficient reflects the overall effect of model simulation. When NS is closer to 1, the
model simulation is better. A positive value of Re indicates that the simulated value is
higher than the true value, and a negative value indicates that the simulated value is
lower than the true value. When Re is closer to 0, the model simulation result is better.

4 Results Analysis

4.1 Calculation Results of Distance Weights between Sites

The distance weight is calculated according to formula (1), where parameter a is 1,
parameter b is 0, and parameter c is calculated by inverse calculation based on the
weight value corresponding to the maximum station distance of 0.01. Figure 4 shows
the distance weight calculation result between stations in the study area. The closer the
color is to orange, the closer the distance between stations is, the closer the calculated
distance weight is to 1, and the higher the similarity of the monitored rainfall data is;
the closer the color is to blue, the farther the distance between stations is, the closer the
calculated distance weight is to 0, and the lower the similarity of the monitored rainfall
data is.

Fig. 4. Distance weight results between sites in the study area
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Rainfall Data Index Based on Distance Weight Calculation

Taking the 3-h period scheme as an example, Figure 5 shows the calculation results of
the rainfall process missing index of each station in the study area in each month in
2016, and Figure 6 shows the calculation results of the rainfall process similarity index
of the stations in the study area from 2016 to 2023.

Fig. 5. Monthly rainfall missing index of each station in the study area in 2016

Fig. 6. Similarity index of rainfall processes at each station in the study area from 2016 to 2023

4.2
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The DBSCAN clustering algorithm is used to cluster the rainfall process missing
index of each station in each month of each year, and abnormal stations are detected.
The results of the missing station detection are manually checked, and the recall rate of
the detection results is shown in Table 2. The recall rate is the percentage of samples
predicted to be positive among the actual positive samples. From the results in Table 2,
it can be shown that the recall rate of the missing station detection method in this paper
reaches more than 75%, which can effectively detect the missing stations.

Table 2. Detection rate of missing stations in the 3-hour long-term scheme in the study area

years 2016 2017 2018 2019 2020 2021 2022 2023
Recall 100% 81% 78% 86% 75% 88% 92% 100%

4.3 Analysis of the Simulation Results of the Xinanjiang Model Based on
Abnormal Site Detection

In order to compare the impact of abnormal rainfall station detection in the basin on the
simulation accuracy of the hydrological model, a lumped Xin'anjiang model was estab-
lished in the closed basin above Xiangtun Station in the Le'an River Basin. Hydrologi-
cal simulation was performed on rainfall data with a time period of 1h, 3h, and 6h, and
the average surface rainfall in the basin before and after the abnormal rainfall station
was detected was calculated using Thiessen polygons. This study used the rainfall data
for 6 years from 2016 to 2021 as the rate period of the model, and 2022 and 2023 as
the test period of the model. The cooperative search algorithm (CSA) was used to search
for the globally optimal parameters of the Xin'anjiang model parameters. According to
the detection method of this paper, the rainfall data of 1h, 3h, and 6h at the stations in
the study area from 2016 to 2023 were detected year by year. Table 3 is a statistical
table of the detection results of abnormal rainfall stations in different time length
schemes.

Table 3. Statistics of abnormal site detection results for the long-term schemes in the study area
for 1h, 3h, and 6h periods

plan 2016 2017 2018 2019 2020 2021 2022 2023
1-h 10 27 10 14 13 18 21 12
3-h 15 23 10 12 6 19 17 12
6-h 10 30 14 9 5 16 13 13

The model calibration results before and after the abnormal rainfall station detection
in the basin are shown in Table 4. It can be seen from Table 4 that after the abnormal
rainfall station detection, the NS of the regular simulation process of the Xin'anjiang
model rate at the Xiangtun station in different time periods of long schemes are all
above 0.896, the Re of the water volume simulation is within -29.1%, and the NS of
the simulation process in the test period is all above 0.929, and the Re of the water
volume simulation is within -28.9%; the NS of the regular simulation process of the
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Xin'anjiang model rate at the Xiangtun station in different time periods of long schemes
without abnormal rainfall station detection is all above 0.869, the Re of the water vol-
ume simulation is within -39.8%, the NS of the simulation process in the test period is
all above 0.916, and the Re of the water volume simulation is within -33.7%.

Table 4. Calibration results of Xin'anjiang model at Xiangtun Station

Rate Regular (2016-2021) Inspection period (2022-2023)
NS Re(%) NS Re(%)

Detection 0.917 -29.1 0.931 -28.9
Not detected 0.916 -29.3 0.939 -23.0

Detection 0.918 -27.4 0.937 -28.7
Not detected 0.869 -35.5 0.916 -29.1

Detection 0.896 -25.5 0.929 -26.5
Not detected 0.892 -39.8 0.926 -33.7

Figures 7 to 9 show the comparison of the total annual runoff simulated by the 1h,
3h, and 6h time-period schemes at Xiangtun Station. From the result comparison chart,
it can be seen that the average annual runoff simulated by the different time-period
schemes that detect abnormal rainfall sites is closer to the measured total amount, and
the average annual water volume Re simulated by the 1h, 3h, and 6h time-period
schemes that have been detected by abnormal rainfall sites are -29.5%, -28.3%, and -
26%, respectively, while the average annual water volume Re simulated by the 1h, 3h,
and 6h time-period schemes that have not been detected by abnormal rainfall sites are
-28.5%, -34.7%, and -39.1%, respectively. According to the above analysis results, the
flow process simulated by the Xin'anjiang model at Xiangtun Station after detecting
abnormal sites is closer to the measured value than the simulated flow process without
detecting abnormal sites, indicating that the accuracy of the Xin'anjiang model simula-
tion can be improved by removing the data of abnormal rainfall sites in the basin.
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Fig. 7. Comparison of the total annual runoff simulated by the 1-hour long scheme at Xiangtun
Station
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Fig. 8. Comparison of the total annual runoff simulated by the 3-hour long-term scheme at
Xiangtun Station
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Fig. 9. Comparison of the total annual runoff simulated by the 6-hour long-term scheme at
Xiangtun Station

5 Conclusion

Based on the method of regional abnormal rainfall site detection proposed in this paper,
the lumped Xin'anjiang model is established for the closed basin above Xiangtun Sta-
tion, and the 1h, 3h, and 6h long-term schemes are established respectively. Among
them, the model rate NS of the model detected by the abnormal rainfall site is above
0.896 on a regular basis, and the NS of the validation period is above 0.929; the model
rate NS of the model not detected by the abnormal rainfall site is above 0.869 on a
regular basis, and the NS of the validation period is above 0.916. After the abnormal
rainfall site detection, the average annual water volume Re of the 1h long-term scheme
is -29.5%, the average annual water volume Re of the 3h long-term scheme is -28.3%,
and the average annual water volume Re of the 6h long-term scheme is -26%; without
the abnormal rainfall site detection, the average annual water volume Re of the 1h long-
term scheme is -28.5%, the average annual water volume Re of the 3h long-term
scheme is -34.7%, and the average annual water volume Re of the 6h long-term scheme
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is -39.1%. It shows that the detection method in this paper can improve the accuracy of
hydrological model simulation after eliminating abnormal rainfall stations, and can pro-
vide ideas and methods for refined hydrological data simulation in the basin.
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