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Fig. 1 Structure of random forest regression model
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Fig.2 Structure of multilayer perceptron model
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Tab. 1 Value range of some hyperparameters in the RF

n_estimators max_features

max_depth

min_samples_split min_samples_leaf

[10~100]

['sqrt', 'log2', auto'] [2~20]

[2~20] [1~10]
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Tab.2 Value range of some hyperparameters in the MLP
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Tab. 3 Value range of some hyperparameters in the SVM
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Fig. 4 R’ at each station in train period
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Egus at each station in train period
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Tab. 4 The mean value of Egys and R® of 12 stations in train period

) R Egys/mm
HILII/A : - ' -
R A SRR AL BEPLZRK Z R A {E SRR AL FEHLERK ZIREHL
1 0.12 0.88 0.79 0.46 1.36 0.52 0.67 1.11
2 -1.29 0.56 0.51 0.16 2.32 1.08 1.18 1.60
3 -0.51 0.59 0.54 0.09 2.55 1.34 1.41 2.06
4 —-0.14 0.63 0.58 0.07 1.82 0.99 1.10 1.65
5 —-0.12 0.61 0.46 0.07 2.13 1.23 1.48 1.99
6 -0.37 0.56 0.40 0.06 2.09 1.21 1.43 1.77
7 -0.57 0.58 0.37 0.04 1.91 1.03 1.23 1.58
8 -0.34 0.48 0.28 0.05 2.17 1.33 1.61 1.87
9 -0.37 0.51 0.38 0.05 2.07 1.26 1.42 1.78
10 —-0.36 0.54 0.40 0.06 2.14 1.25 1.42 1.85
11 -0.23 0.45 0.33 0.03 2.42 1.60 1.81 2.19
12 -0.13 0.44 0.36 0.11 2.40 1.71 1.83 2.16
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Fig. 6 R’ at each station in test period
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Tab. 5 The mean value of Epys and R of 12 stations in test period

R Epys/mm
LA/ - -
JE AR {E SRR L BEHLARAR Z R EHL JEIAH SRR L REHLARAR Z 2B
1 0.12 0.88 0.79 0.46 1.36 0.52 0.67 1.11
2 -1.29 0.56 0.51 0.16 2.32 1.08 1.18 1.60
3 —0.51 0.59 0.54 0.09 2.55 1.34 1.41 2.06
4 —-0.14 0.63 0.58 0.07 1.82 0.99 1.10 1.65
5 —0.12 0.61 0.46 0.07 2.13 1.23 1.48 1.99
6 —0.37 0.56 0.40 0.06 2.09 1.21 1.43 1.77
7 —0.57 0.58 0.37 0.04 1.91 1.03 1.23 1.58
8 -0.34 0.48 0.28 0.05 2.17 1.33 1.61 1.87
9 -0.37 0.51 0.38 0.05 2.07 1.26 1.42 1.78
10 —0.36 0.54 0.40 0.06 2.14 1.25 1.42 1.85
11 —0.23 0.45 0.33 0.03 2.42 1.60 1.81 2.19
12 —0.13 0.44 0.36 0.11 2.40 1.71 1.83 2.16
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Fig. 8 Scattered plot of forecast rainfall and measured rainfall before and after model correction
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Numerical rainfall forecast correction based on machine learning model

CAO Ziheng', LI Yongkun’, HU Yiming', LU Yajing’,
WEN Qiyu', YANG Chenxi', CHEN Yu', GUO Jukun'
(1. College of Hydrology and Water Resources, Hohai University, Nanjing 210098, China;
2. Beijing Water Science & Technology Institute, Beijing 100000, China )

Abstract: Rainfall is a direct factor in the formation of flood, and the combination of accurate rainfall forecast data
in the long forecast period and hydrological model is the key to improve the accuracy of flood forecast and increase
the forecast period, which can strive for a longer emergency response time for flood control and disaster reduction.
Rainfall forecast data mainly come from meteorological radar, satellite cloud image and numerical weather forecast
products. Although the meteorological observation technology and equipment have made great progress in the past
few decades, due to the chaos of atmospheric system, the error of atmospheric initial data and the error of model, the
rainfall forecast products inevitably have large errors and limitations, and need to be effectively corrected to
improve its accuracy and reliability. The research took 12 stations in Chaobai River basin as the research object, the
forecast precipitation data of 12 stations in different forecast periods in the next 12 hours were selected. Rainfall
error correction models based on support vector machine, random forest and multilayer perceptron in different
forecast periods were constructed. The model input is the rainfall forecast data of the corresponding grid of the
station and its surrounding 8 grids, and the model parameters are estimated by Bayesian optimization technology.
The root mean square error and deterministic coefficient indexes were used to evaluate the correction effect of each
model on precipitation forecast in different forecast periods. The results showed that the prediction accuracy of
uncorrected original forecast was poor in different forecast periods. Each error correction model has a good
correction effect on rainfall in different forecast periods. After correction by support vector machine model, random
forest model and multilayer perceptron model, the average root mean square error decreases by 54.2%, 50.0% and
20.8%, respectively. During the validation period, the reduction was 42.9%, 33.3% and 14.3%, respectively. The
average certainty coefficient also increased significantly in both the rate period and the validation period. Among the
three error correction models, support vector machine model is the best, followed by random forest model. Based on
support vector machine, random forest and multi-layer perceptron model, combined with Bayesian optimization
technology, the error correction models of forecast rainfall data in different forecast periods were constructed to
correct and analyze the forecast rainfall data of 12 stations in the Chaobai River basin in 12 different forecast
periods. The root mean square error and deterministic coefficient were used. The correction effect is good and the
accuracy of rainfall forecast is improved, and it can be used as a reference for the numerical rainfall correction of
other watershed stations.

Key words: rainfall forecast correction; support vector machine; random forest; multilayer perceptron; Chaobai
River basin
Chinese Library Classification No. : TV213 Document Code: A

Rainfall is a direct factor in the formation of flood,  disaster reduction . Modern rainfall forecast data
and the combination of accurate rainfall forecast data in mainly come from meteorological radar, satellite cloud
the long forecast period and hydrological model is the image and numerical weather forecast products.
key to improve the accuracy of flood forecast and Although the meteorological observation technology
increase the forecast period, which can strive for a and equipment have made great progress in the past

longer emergency response time for flood control and few decades, due to the chaotic nonlinearity of
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atmospheric system, the error of atmospheric initial
data and the error of model, the rainfall forecast
products inevitably have large errors and limitations,
and need to be effectively corrected to improve its
accuracy and reliability .

In recent years, with the rapid development of big
data mining technology, machine learning algorithms
and computer software and hardware environments, the
use of machine learning models for rainfall forecast
correction has become an effective way and has

10-16,

. . 6
received more and more attention """, For example,

Shu Xingsheng et al. "” used artificial neural network,
extreme learning machine and support vector machine
(SVM) models to conduct multi-model integrated
forecast of rainfall in Huanren Reservoir basin in the
next 1 to 3 days. The results showed that the effect of
multi-model integration is better than that of a single
model, and the SVM model has the most obvious
improvement in rainfall forecast accuracy. Sun et al. !'”
used the random forest (RF) model to correct the ERAS
precipitation data in 11 river basins in the upper reaches
of the Tibetan Plateau from 1951 to 2020 and
constructed a gridded daily precipitation dataset. The
results showed that the corrected precipitation data are
in good agreement with the observations. Nana et al. !"*
applied machine learning algorithms to predict rainfall
in different areas of Ghana. The results showed that RF
and multilayer perceptron (MLP) performed well, while
the k-nearest neighbor algorithm performed poorly.

This paper took the rainfall forecast correction of

12 stations in Chaobai River basin in the next 12 hours

—|Sub- sample | f—————7

—=| Sub-sample 2 i

Bootstrap sampling

Training

| Sub-sample 3 o

b3 |Sub-sample N

Basic feature

Model 1

Basic feature ™ ’

Model 2

Basic feature 4
Sets

Model 2

Basic feature ™ /

as the research object. Three kinds of correction models
based on support vector machine, random forest and
multilayer perceptron algorithms were constructed. The
rainfall forecast data in different forecast periods were
corrected and the correction results of each model were

evaluated.
1 Model methods

1.1 Model principles
1.1.1 Random forest

Random forest (RF) regression is a bootstrap
aggregation algorithm that uses decision trees as the

18
base learner !

| Based on bootstrap sampling of the
dataset, and combined with the decision tree algorithm,
different regression prediction models are created, and
the final prediction results are obtained by
comprehensively integrating different models. The RF
algorithm includes the following main steps: the
bootstrap technology is used to sample from the
original dataset to generate multiple sub-datasets; for
each sub-dataset, the random feature selection method
is used to filter out feature variables for training the
decision tree model; each decision tree is constructed
using the CART algorithm, the best features is selected
of the

corresponding sample of the node on each leaf node is

as split nodes, and the output value
predicted; the prediction results of each decision tree
are synthesized to obtain the final prediction result. The
overall structure of the random forest model is shown

in Figure 1.

Regression
forecasting value 1

_h

Regression
forecasting value 2

Get final forecasting
value with
averaging method

Regression
forecasting value 3

-

Regression
forecasting value N

Fig. 1 Structure of random forest regression model
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1.1.2 Multilayer perceptron

Multilayer perceptron (MLP) is a feedforward
neural network, which consists of multiple neuron
layers such as the input layer, the hidden layer and the
output layer. The hidden layer can be multi-layered "**".
Each neuron is connected to all neurons in its previous
layer and subsequent layer. Its structure is shown in

Figure 2.

o
09, AN

Avf'A.

Vv @y @
% ”l utput layer

A
‘A’\\

v
N

)
/

Hidden layer

Fig.2 Structure of multilayer perceptron model

When applying the MLP model to analyze
regression problems, the output layer is usually a
linear function that predicts the value of the target
variable. Each neuron has a set of weights that map
input values to the neuron’s output. Each neuron also
has a bias term, which is activated through activation
functions such as Sigmod, Tanh, and ReLU. The
model uses a loss function to measure the error
between the predicted value and the actual value.
Commonly used loss functions include mean square
error and mean absolute error (MAE). Methods such
as Adam optimizer and stochastic gradient descent
algorithm are used to optimize model parameters to
minimize the loss function, and the weight and bias
of each neuron are updated through the
backpropagation algorithm until a certain training
accuracy is reached or the loss function is minimized.
The general expression form of the MLP model is as
follows

Y = fw,X +B) ¢))
Where: Y is the output value; f is the activation
function; w; is the weight of the fully connected layer;
X is the matrix of input layer variables; and B; is the
bias term.
1.1.3 Support vector machine

The basic idea of support vector machine (SVM)

- 854 -

regression is to find a linear or nonlinear hyperplane
such that the interval between this hyperplane and the
data points is maximized, and to find a set of support
vectors such that they are closest to the hyperplane and
fall on the interval boundary “'**. In SVM, in order to
minimize the error between the predicted value and the
actual value and to have a low complexity of the model,
a suitable kernel function is usually chosen to map the
data from the input space to a high-dimensional feature
space, and the optimal hyperplane is solved in the
feature space. In linear regression models, SVM uses
linear kernel functions, and in nonlinear regression,
kernel functions such as radial basis functions are
usually used. The general expression form of the SVM

regression model is as follows

1
min : §||a)||2 (2)
yi—wx—be
su{ Bl (3)

Where: o is the weight vector; b is the bias term; y; is
the actual output value of the ith sample; & is the
interval size; and x is the set of optimal vectors to be
solved. The objective is to minimize the squared norm
of the weight vectors while ensuring that the prediction
error of each sample does not exceed .
1.2 Model parameter estimation

Bayesian optimization technology is used to
estimate the parameters of each of the above models.
Compared with traditional hyperparameter optimization
methods, Bayesian optimization technology takes into
account the prior distribution of each hyperparameter,
and obtains the best estimation of hyperparameters by
continuously updating the prior distribution of each

25-2
parameter 25261,

Bayesian optimization technology
samples the parameters in the region with higher
likelihood  and

hyperparameter space, thus having better estimation

avoids traversing the entire

efficiency and accuracy. In addition, Bayesian
optimization technology can conduct adaptive search in
the hyperparameter space and find the global optimal
solution more easily. On the basis of setting the value
range of key hyperparameters in each model, efficient
estimation of parameters can be carried out by Bayesian

optimization technology. The setting of the value range
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of key hyperparameters in the random forest model is

shown in Table 1.

Tab. 1 Value range of some hyperparameters in the RF

. max_ max_ min_samples min_samples_
n_estimators

features depth split leaf
[2~20] [1~10]

[10~100] ['sqrt, log2', auto'] [2~20]

In the table 1: n_estimators is the number of trees
in the random forest; max_features is used to determine
the range or specific value of the number of features
used for splitting on each decision tree node;
max_depth is the maximum depth of the decision tree;
min_samples_split is the minimum number of samples
required for splitting a decision tree node; and
min_samples_leaf is the minimum number of samples
required for leaf nodes. When the number of samples of
a node is less than min_samples_leaf, the node will be
pruned to become a leaf node. The setting of the value
range of key hyperparameters in the multilayer

perceptron model is shown in Table 2.

Tab. 2 Value range of some hyperparameters in the MLP

hidden L . .
.~ activation alpha learning_rate  solver max_iter
layer_sizes
['relu’, 'tanh’, [0.000 001~  ['constant', [100~
[10~500] - . ['adam']
'logistic'] 100] ‘adaptive'] 5000]

Considering the small size of the dataset in this
study, the MLP model with a single hidden layer is
used to reduce the model complexity and risk of
overfitting. Hidden layer sizes represents the number
of neurons in the hidden layer; activation is the
activation function; alpha is the L2 regularization
coefficient; learning_rate is the learning rate; solver is
the optimizer type; max_iter is the maximum number of
iterations. The setting of the value range of key
hyperparameters in the support vector machine model

is shown in Table 3.

Tab. 3 Value range of some hyperparameters in the SVM

C gamma kernel epsilon
Real(le—6, let4, 'log- Real(le—6, le+4, 'log- Real(0, 1,
. . ['rbf] .
uniform') uniform') 'uniform’)

In the table 3: C is the regularization parameter,
used to control the degree of punishment of the

classifier on the misclassified samples; gamma is the

kernel function parameter, used to control the
distribution characteristics after sample points mapping
to the high-dimensional space, Real(1le—6, le+4, 'log-
uniform') defines a continuous real-type search space
that ranges from le—6 to let+4, and the logarithm
uniform distribution method is used to search in this
range; kernel is the type of kernel function, and the
radial basis function is chosen this time; epsilon is the
floating-point numbers, that work on the loss function.
1.3 Model evaluation index

Root mean squared error (Eyrys) and coefficient of
determination (R”) are used to evaluate the accuracy of
the original rainfall forecasts and the correction effect
of each model on the forecasted rainfall in different
forecast periods. The root mean squared error is

calculated as follows

(y re _ytrue)z
ERMS = Z+ (4)

Where: Egys is the root mean square error; N is the
number of samples; y,.q is the predicted value of the
model; y.. is the measured value. The smaller the
value of FEpys is, the closer the model ’s prediction
results are to the actual measurement, and the higher
coefficient of

the model accuracy is. The

determination is calculated as follows

(y re _ytrue)2
2,0 e "

Z Virwe — yme)Z

Where: R? is the coefficient of determination; y,.q is the

R =1-

predicted value of the model; y,. is the measured
value; V. is the mean of the measured value. The
closer R’ is to 1, the higher the prediction accuracy of

the model is.
2 Results analysis

2.1 Data information

This paper takes the forecast rainfall corrections of
12 stations in Chaobai River basin (Beijing city area) in
the next 12 different forecast periods as the research
object, and the data used is the hour-by-hour data from
June to September of the 2021 and 2022 flood seasons,
and the numerical forecast products will forecast the

hour-by-hour rainfall of the next 12 hours in a rolling
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manner on every hour, with a space resolution of 500
mx500 m.
2.2 Correcting effect analysis

The calibration models are constructed for each
forecast period, that is, for the rainfall correction of
each site in the 12 forecast periods, 12 different
calibration models are required to construct. The model
input is the forecast rainfall data of the corresponding
grid of the station and its surrounding 8 grids (9 grids in
total), that is, the forecast rainfall data from the 9 grids
are used as the model input. The average value of the
forecast rainfall from the 9 grids is used as the original
forecast rainfall value corresponding to the station. 80%
of the sample data are used for model training, and the
remaining 20% of the sample data are used for model
validation. Considering that the values of rainfall at
different times vary greatly in magnitude, the rainfall
data are normalized using the following equation.
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Where: Z is the standardized variable; x is the input
variable; u is the mean of the input variable; o is the
standard deviation of the input variable.

The root mean square errors and coefficients of
determination of the original forecast rainfall and the
forecast rainfall corrected by each model in different
forecast periods at each station in the rate period are
shown in Figures 3 and 4, respectively. As can be seen
from the figures, after correction by the machine
learning model, the root mean square error values of the
forecast rainfall data in different foresight periods at
each station are reduced, while the values of coefficient
of determination are improved, that is, each model has
a better correction effect on rainfall in different forecast
periods, which can improve the accuracy of the rainfall
forecast, among which, the support vector machine has

the best correction effect on data.
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The mean values of root mean square error and
coefficient of determination in different forecast

periods at 12 stations in the rate period are shown in
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Table 4. As can be seen from the table, after correction
with the 3 models, the coefficient of determination in

each forecast period is significantly improved, and the
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root mean square error is significantly reduced. Among

the 3 models, support vector machine model is the best,

followed by random forest model.
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Tab.4 The mean value of Epys and R” of 12 stations in train period

Forecast — K - — Enys/tmm -

. Original Support vector Random Multilayer Original Support vector Random Multilayer
period/h Values machine forest perceptron Values machine forest perceptron

1 0.12 0.88 0.79 0.46 1.36 0.52 0.67 1.11

2 -1.29 0.56 0.51 0.16 2.32 1.08 1.18 1.60

3 —0.51 0.59 0.54 0.09 2.55 1.34 1.41 2.06

4 —-0.14 0.63 0.58 0.07 1.82 0.99 1.10 1.65

5 —0.12 0.61 0.46 0.07 2.13 1.23 1.48 1.99

6 -0.37 0.56 0.40 0.06 2.09 1.21 1.43 1.77

7 —0.57 0.58 0.37 0.04 1.91 1.03 1.23 1.58

8 —0.34 0.48 0.28 0.05 2.17 1.33 1.61 1.87

9 -0.37 0.51 0.38 0.05 2.07 1.26 1.42 1.78

10 —0.36 0.54 0.40 0.06 2.14 1.25 1.42 1.85

11 -0.23 0.45 0.33 0.03 2.42 1.60 1.81 2.19

12 —0.13 0.44 0.36 0.11 2.40 1.71 1.83 2.16

The root mean square errors and coefficients of
determination of the original forecast rainfall and the
forecast rainfall corrected by each model in different
forecast periods at each station in the validation period

are shown in Figures 5 and 6, respectively. As can be

seen from the figures, the conclusions reflected by each
indicator are consistent with the rate period, that is, the
accuracy of rainfall in different forecast periods is
improved after correction with each model. Among the

3 models, support vector machine model is the best.
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The mean values of root mean square error and
coefficient of determination in different forecast
periods at 12 stations in the validation period are shown
in Table 5. As can be seen from the table, the
conclusion is consistent with the rate period. After

correction with the 3 models, the coefficient of

determination in each forecast period is significantly

improved, and the root mean square error is
significantly reduced. Among the 3 models, support
vector machine model is the best, followed by random

forest model.

Tab.5 The mean value of Egys and R® of 12 stations in test period

Forecast K Fioys/mim
period/h Original Support vector Random Multilayer Original Support vector Random Multilayer
Values machine forest perceptron Values machine forest perceptron
1 0.12 0.88 0.79 0.46 1.36 0.52 0.67 1.11
2 -1.29 0.56 0.51 0.16 2.32 1.08 1.18 1.60
3 —0.51 0.59 0.54 0.09 2.55 1.34 1.41 2.06
4 —0.14 0.63 0.58 0.07 1.82 0.99 1.10 1.65
5 —0.12 0.61 0.46 0.07 2.13 1.23 1.48 1.99
6 —0.37 0.56 0.40 0.06 2.09 1.21 1.43 1.77
7 —0.57 0.58 0.37 0.04 1.91 1.03 1.23 1.58
8 —0.34 0.48 0.28 0.05 2.17 1.33 1.61 1.87
9 —0.37 0.51 0.38 0.05 2.07 1.26 1.42 1.78
10 -0.36 0.54 0.40 0.06 2.14 1.25 1.42 1.85
11 —-0.23 0.45 0.33 0.03 2.42 1.60 1.81 2.19
12 —0.13 0.44 0.36 0.11 2.40 1.71 1.83 2.16

Taking the forecast rainfall of Miyun Reservoir
(tide) in the first forecast period as an example, the
scatter plots of the forecast rainfall and measured
rainfall before and after model correction are drawn in
Figure 7. As can be seen from Figure 7, the points
between the uncorrected original forecast rainfall and

the measured rainfall are more scattered, and after the

the measured rainfall tend to be aggregated in the
vicinity of the 1 : 1 line, which indicates that the
accuracy of the corrected forecast rainfall has been
improved and is closer to that of the measured rainfall.
It can also be seen from the figure that, the support
vector machine model is the best both in the rate period

and the validation period, followed by random forest

model correction, the points of the forecast rainfall and model.
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Fig. 7 Scattered plot of forecast rainfall and measured rainfall before and after model correction

The main reason why SVM model is better than
27-29],

: SVM s

structural

the other two models is reflected in'
the

minimization, which minimizes the training error and

modeled with principle of risk
reduces the generalization error at the same time,
effectively avoids overfitting, and makes SVM have a
ability; SVM

determines the decision boundary by maximizing the

strong  generalization algorithm
interval, which is robust to the outliers, and effectively
avoids the influence of outliers on the results; the
performance of SVM is affected by the number of
training samples and sample distribution characteristics.
In the case of small sample size, SVM can better deal
with uneven distribution of data, and is more suitable

for small sample data modeling.

3 Conclusion

Based on SVM, RF and MLP models, combined
with Bayesian optimization technology, the correction
models of forecast rainfall data in different forecast
periods were constructed to correct and analyze the
forecast rainfall data of 12 stations in the Chaobai River
basin in 12 different forecast periods.

Ervs and R? were used to evaluate the effect of the
original forecast and the forecast corrected by the
SVM, RF and MLP models. In terms of the average
values of R? corresponding to the 12 forecast periods,
they are —0.37, 0.69, 0.67 and 0.15 respectively in the
rate periods, and they are —0.36, 0.57, 0.45 and 0.11
respectively in the validation period. Each correction
model has a good correction effect on the forecast

rainfall in different forecast periods at each station; in

- 860 -

terms of the Eyys index, after correction by SVM, RF
and MLP models, the average value of FEyys decreased
by 54.2%, 50.0% and 20.8% respectively in the rate
period; the reduction was 42.9%, 33.3% and 14.3%
respectively in the verification period. Among the 3
correction models, SVM model is the best, followed by
RF model.

Compared with parameter optimization methods
commonly used in machine learning such as grid search
and random search, the Bayesian optimization method
adopted this time can obtain the optimal solution of
parameters under a relatively small operating load, and
can obtain the probability distribution estimation of
parameters to analyze the uncertainty of parameter
estimation. In addition, the probability distribution
estimation based on parameters, combined with
Markov chain Monte Carlo sampling technology, can
obtain multiple sets of model parameters, which can
then be used to analyze the uncertainty of rainfall
correction. In the follow-up work, this topic will be
further studied.
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