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Abstract 

A discriminative learning model with a rich feature set was used for extreme 

precipitation forecasting of a river basin to effectively use available historical 

observation data. Discrimination models use decision functions that are suitable for 

forecasting in cases where factors are complex or even unknown. In this study, we used 

the neural network technique that belongs to the empirical risk minimization method, and 

a support vector machine that belongs to the structural risk minimization method to be 

constructed on rich feature sets of rainfall in the Dongjiang basin. The results of forecast 

experiments show that our method was more effective compared with four types of 

traditional time series methods and the Naïve Bayes method that belongs to generative 

models. The support vector machine yielded the maximum F1 value. 

 

Keywords: Extreme precipitation forecasting, Rich feature set, Neural network, 

Support vector machine 

 

1. Introduction 

Basin-scale management [1-4] requires advanced forecasts of the availability of water. 

Advanced prediction of precipitation, especially extreme events, is important for 

managing water delivery and reservoir releases because these may result in catastrophic 

events such as floods [5-6]. Due to complex factors, however, extreme precipitation 

forecasting remains a formidable challenge [7].  

Precipitation forecast methods usually include synoptic and statistical tools.  Because 

precipitation forecasting using synoptic meteorology relies on the subjective judgment 

of forecasters, there may be considerable differences in the predictions made by different 

forecasters, and rainstorms indicated on a map may not clearly distinguish the amount of 

rainfall between small-scale local areas [8]. The statistical method of 

precipitation prediction includes mathematical [9], physical [10], and dynamic statistics 

[11]. The mathematical statistical method can be used to predict the probability of future 

precipitation events based on existing meteorological data, such as past or present weather 

and climate. Use of the statistical method for predicting short-term climate began in the 

early twentieth century. This method has made considerable progress in recent decades 

thanks to the increase number of global observation networks. In particular, extensive 

progress has been made in the dynamic statistical method through the development 

of models and improvements in measured data. This is the mainstream method for 

weather prediction. However, the origin of precipitation is not considered in mathematical 

statistical methods, and if these methods are used separately, the prediction of extreme 

precipitation is poor. 

Most of the work conducted in previous studies focused on identifying connections, 

to count and order the factors affecting precipitation. However, due to the dynamic and 
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complex interactions between factors, it was difficult to construct a mathematical model 

based on physics [12]. In addition to aberrations, the traditional physical and existing 

statistical methods for predicting precipitation are not very accurate, especially with 

respect to the prediction of extreme events. Statistical learning methods have advanced 

considerably in the last 20 years. The continuous accumulation of high-quality 

observation data and the improvement of machine learning methods provide new 

opportunities for precipitation prediction.  

Statistical learning models can be categorized as generative models and discriminative 

models [13]. The former focuses on the total probability of all variables, e.g., the Naive 

Bayes and hidden Markov models. The latter models are based on observations of 

variables and conditional probability of a target variable under certain premises, e.g., 

neural networks, support vector machines, decision trees, and maximum entropy models. 

Neural networks and support vector machines have been used in station precipitation 

forecasting [7, 14] and annual precipitation forecasting [5]. Here, some elements are 

indirectly obtained from circulation model outputs to improve the forecasts. Recent 

research has focused on dynamical models, of which the limitations remain unknown. In 

cases where the driving factors of extreme precipitation are not sufficiently clear, 

discrimination models, which do not intend to generate data, are advantageous. Therefore, 

in comparison with generative models, discrimination models are less susceptible to 

correlations between the potential characteristics of distress and can be more conveniently 

to make use of rich feature sets. 

 In this research, statistical learning analysis was performed using a rich feature set in 

the discriminate SVM and ANN models to estimate daily extreme precipitation with a 1-

day lead time for the Dongjiang River Basin. Once the daily extreme precipitation has 

been estimated, reservoir operation and water distribution can be computed depending on 

the needs of the user.  

This paper is organized as follows: the precipitation data for the climate divisions are 

presented in Section 2; a description of the discriminative modeling approach for 

estimating precipitation and the performance measures used to evaluate the model 

performance are presented in Section 3; the rich feature sets of the statistical properties 

are described in Section 4; a description of the experiment and an analysis of the 

discriminative modeling results are provided in Section 5 where the SVM precipitation 

estimates are compared with those obtained from the ANN, SMA, Linear_WMA, EMA, 

AR and Naive Bayes models, and the conclusion is presented in Section 6. 

 

2. Data 

The data sets used to forecast the basin extreme precipitation include precipitation time 

series, meteorological data, typhoon data, and meteorological knowledge of the basin. 

  

2.1. Basin Daily Grid Precipitation Dataset 

The daily precipitation data for the Dongjiang River basin were analyzed in this study. 

The daily grid precipitation dataset has a 0.25-longitudinal and latitudinal resolution and 

covers the period from 2008–2013. This data set was obtained from the National Climatic 

Centre (NCC) of the China Meteorological Administration (CMA)1. The locations of the 

Dongjiang River basin and the corresponding geographical grid considered in our study 

are shown in Figure 1 [6].  

 

                                                           
1
 http://cdc.cma.gov.cn/home.do 
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Figure 1. Location of the Study Region and Geographical Grid 

 In this paper, mean area precipitation, denoted as MAP , was used to analyze the daily 

precipitation of the River basin. The daily MAP of a given basin is defined as: 

 
A

dAP
A

MAP
1

,                                                          (1) 

where A  is the basin area, and P  is the daily precipitation of the finite 

element dA . 

Based on the daily grid precipitation dataset used in our current study, the MAP  over 

the basin can be computed as: 


 


i

ii

A

PA
MAP ,                                                        (2) 

where grid cell i  is the grid cell in the basin or a partial grid cell in the basin. 
i

P  is the 

precipitation of grid cell i , and 
i

A  is the area proportion of grid cell i  that is covered by 

the basin.  

 

2.2. Basin Meteorological Data 

In the Dongjiang river basin area, adiabatic cooling occurs when air rises and expands, 

which leads to a significant decrease in temperature to the dew point. The basin is 

subjected to low pressure, and moist air from the Southern Sea may cause extreme 

precipitation, which occurs in the summer southwest monsoon prevailing period, 

especially from April to August. We obtained the basin area and associated 

meteorological data, including surrounding temperature and pressure from the daily 

surface climate dataset of NCC to generate a feature set for forecasting purposes.  

 

2.3. Typhoon Data  

Extreme precipitation in the Dongjiang basin is caused by typhoons from June to 

October. The latest (1 day before) typhoon forecast data from an area close to the region 
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may provide reference data for predicting precipitation. Therefore, we obtained daily 

typhoon forecast data including the path, speed and 10-gale ring area from the Flood 

Release System of Guangdong Province 2  to generate a feature set for forecasting 

purposes. 

 

2.4. Basin Meteorological Knowledge  

Summer rains constitute approximately 80% of the annual rainfall in the basin. The 

pre-flood season, which occurs from April to June, is caused mainly by the southwest 

low-level jet stream and frontal rain, and accounts for 40-50% of annual rainfall. The later 

flood season, which occurs from July to October, is caused mainly by typhoons, and 

accounts for 35-40% of annual rainfall. This background knowledge allows us to generate 

a useful protocol feature set through the use of hierarchical concepts. 

 

3. Discriminative Model 

In statistical learning, discriminative models are used for modeling the dependence of 

an unobserved variable y  on an observed variable x  by modeling the conditional 

probability distribution )|( xyP , which can be used for predicting y  from x . 

Discriminative models, as opposed to generative models, do not need to generate samples 

from the joint distribution of x  and y . Discriminative models directly model the class 

posteriors, allowing them to incorporate a rich set of features without consideration of 

their dependencies on one another. 

Based on models of different objectives, learning algorithms of discriminative models 

can be separated into empirical risk minimization (ERM) and structural risk minimization 

(SRM) models. ERM models, such as neural networks, compute an approximation, 

termed the empirical risk, of the training set and minimize the risk. In contrast, SRM 

models such as support vector machines, the training error (empirical risk) and the 

regularization term (model complexity) are minimized simultaneously.  

 

3.1 Neural Networks 

 

3.1.1. Overview 

Neural networks (NNs) [15] are discriminative models that follow the cognition 

process of the human brain and have been useful for prediction purposes. In our study, we 

selected the back-propagation (BP) neural network, which is a feed-forward multi-layer 

network based on the back-propagation algorithm and has become one of the most widely 

used neural networks in practice. The activation transfer function (ATF) of a BP network, 

is typically a differentiable Sigmoid (S-shape) function, which helps to apply non-linear 

mapping from inputs to outputs. A two-layer BP network is shown in Figure 2, which is a 

Tansig/Purelin network [16]. This network can be used as a general function 

approximator that can approximate any function with a finite number of discontinuities 

arbitrarily well, given sufficient neurons in the hidden layer.  
 

                                                           
2
 http://www.gdwater.gov.cn:9001 
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Figure 2. Two-Layer BP Network Architecture 

 

3.1.2. Operation Principle 

First, the hidden layers receive the data from the input. Each connection in the hidden 

layer has a weight, or strength, of the connection associated with it. Each neuron in the 

input layer is connected to each neuron in the hidden layer, and each neuron in the hidden 

layer is connected to each neuron in the next layer. The next layer may be another hidden 

layer or the output layer. In a BP neural network, the feed-forward pass is followed by a 

backward pass during which the interconnection weights between neurons are modified 

based on error values. After training is completed, the “knowledge” gained by the 

network is stored in the interconnection weights.  

The relationships learned by the neural network must be tested to determine the quality 

of the knowledge. For other portion of samples, i.e., the testing set, the real observed 

output is compared to the output produced by the trained neural network to determine 

whether the model output is acceptable. If the output produced by the trained neural 

network is correct within accepted error ranges, the trained neural network can be used for 

future prediction. 

 

3.1.3. Selection of Crucial Parameters  

The number of hidden layers and the number of neurons in hidden layers are crucial 

parameters of neural networks [17].  

Using additional hidden layers enables greater processing power and system flexibility. 

However, this may greatly increase the amount of time required for training and testing 

and may cause over-fitting. It has been shown that a single hidden layer in neural 

networks is sufficient to approximate any continuous function with arbitrary accuracy. 

Therefore, one hidden layer is sufficient for most applications. 

Determining the number of neurons in the hidden layers is another very important issue 

in neural network modeling. Too few hidden neurons can prevent the system from 

properly fitting the input data, and reduces the robustness of the system. In contrast, 

having too many hidden neurons is analogous to a system of equations with more 

equations than there are free variables; the system is over specified, and is incapable of 

generalization. Hecht-Nielsen [18] suggested that for neural networks with a single 

hidden layer, the number of hidden layer neurons k , can be determined by 

12  Rk ,                                                           (3) 

where R  is the number of input neurons, and k  is the number of neurons in the hidden 

layer, as shown in Figure 2. 
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3.2. Support Vector Machines 

 

3.2.1. SVM Modeling 

Support vector machines (SVMs) [19] are alternative discriminative models that 

possess a high level of generalization and can therefore be used for real-world forecasting. 

Consider a set of training data )},(,),,(),,{(
2211 NN

yxyxyxT  , where m

i
Rx   is an 

m-dimensional input vector and 
i

y  is the corresponding output. The concept of an SVM 

is to nonlinearly map the input data x into a higher dimensional feature space such that  

                     bxwf
m

j

jj


1

)( ,                                             (4) 

where w  is the weight vector, b  is the bias, and   is the mapping function. By 

performing the mapping, one anticipates that the nonlinear regression problem in the x -

space will be converted into a linear regression problem in the  -space.  

Both w and b are coefficients that are estimated by minimizing the regularized risk 

function 
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,,2,1,0  ,                                                       (7) 

where 
i

x  is mapped to a higher dimensional feature space by function ; 
i

  is referred 

to as a slack variable. The regression quality is controlled by an appropriate selection of 

three parameters, namely, the cost of error C  and the mapping function  .  

SVMs avoid under- and over-fitting the training data by minimizing the training error 




N

i

i
C

1

  as well as the regularization term 
2

2

1
w . This aligns with the principle of 

structural risk minimization (SRM), where the training error (empirical risk) and the 

regularization term (VC dimension) are minimized simultaneously.  

 

3.2.2. Random Search-Based Parameter Selection 

The SVM parameters that are not directly learnt within estimators, e.g., C, kernel and 

gamma, can be set by searching a parameter space for the best prediction. Such 

parameters are often referred to as hyper-parameters. Several strategies, e.g., manual 

search, grid search, and random search have been used for hyper-parameter optimization. 

For given values, a grid search exhaustively considers all parameter combinations, while a 

random search implements a randomized search over the parameters where each setting is 

sampled from a distribution over possible parameter values. Bergstra and Bengio [20] 

showed empirically and theoretically that randomly selected trials are more efficient for 

hyper-parameter optimization than trials on a grid. The current study used random search 

for the parameter selection of SVM. In a random search, a computation budget, i.e., the 

number of sampled candidates or sampling iterations, is specified. For each parameter, 

either a distribution over possible values or a list of discrete choices (that are uniformly 

sampled) can be specified. 

 

3.2.3. K-fold Cross Validation  

To ensure the robustness of the SVM model, a cross validation approach is needed to 

determine the performance of the predictive model. Different cross validation approaches 

i.e., k -fold, leave-one-out, and bootstrapping have certain advantages and disadvantages 
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but they all help assessing how the results of a statistical analysis will generalize beyond 

an independent data set.  

The current study used a k -fold cross validation technique to test the stability of the 

SVM model results. The k -fold cross validation technique [21] is used in the field of 

machine learning to determine how accurately a learning algorithm will be able to predict 

data that it was not trained on. When using the k -fold method, the training dataset is 

randomly partitioned into k  groups. The learning algorithm is then trained k  times, 

using all of the training set data points except those in the k th group. In general, if the 

correct value of k  is used, k -fold cross validation provides the best estimate of cross 

validation error. Unfortunately, there is no theoretically 'perfect' way of determining the 

appropriate k  value. The true best value of k  may differ for each algorithm and dataset. 

In our study, k  was set to 5. 

 

4. Rich Feature Set 

In this section, we describe the features that are central to the performance of 

discriminative models. These features were generated from the four data sets mentioned 

in Section 2. We used function-based feature generation methods, such as aggregate, 

synthesis, statistical, boolean operators, and concept hierarchies by data reduction. 

Aggregation, which is characterized by the implementation of converged computing, 

refers to a set of data and returns the new features generated by a single value. Aggregate 

functions typically include the mean, total, maximum, minimum, count, first value, last 

value, median, and standard deviation. Synthesis function is a function that uses original 

features or aggregate features as input to calculate a new meaningful feature. The basic 

synthetic functions, such as add, subtract, multiply, and divide, were used in our 

framework. Four statistical features, i.e., level number, range, fairness index, and 

volatility index, were applied from the serialization precipitation data. In addition, 

concept hierarchies by data reduction were used. Concept hierarchies, which are 

combined with background knowledge and redact the original data to a limited number of 

labels, are usually operated by discretization. The rich feature set of our approach is 

shown in Table 1. 

Table 1. Basin Precipitation Feature Set 

Data Features 
Generation 

function 

Basin 

precipitation 

data 

30 days mean precipitation Aggregate 

Weighted 30 days mean 

precipitation 
Aggregate 

First day precipitation of 30 

days 
Aggregate 

Last day precipitation Aggregate 

30 days precipitation level 

number  
Statistical 

30 days precipitation range Statistical 

30 days volatility index Statistical 

30 days fairness index Statistical 

30 days de-noising fairness 

index 
Statistical 

7 days mean precipitation Aggregate 

Weighted 7 days mean 

precipitation 
Aggregate 
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First day precipitation of 7 

days 
Aggregate 

7 days precipitation level 

number  
Statistical 

7 days precipitation range Statistical 

7 days volatility index  Statistical 

7 days fairness index Statistical 

7 days de-noising fairness 

index 
Statistical 

Basin 

meteorological 

knowledge 

wet/dry periods reduction 

Pre flood season reduction 

Later flood season reduction 

Basin 

meteorological 

data  

Meteorological factor 
Aggregate, 

Boolean, reduction 

Data of 

typhoon 
Typhoon factor 

Boolean, 

reduction 

 

5. Experiment 

 
5.1. Experiment Description 

In this experiment, data covering the period from April 1st of 2008 to March 31st of 

2013 was divided into training, validation, and test subsets to ensure good generalization 

ability of the prediction models [6]. The first 4 years were used for training, while the 5th 

year was used for validation. The NN model used the data from the 5th year to select the 

model with minimum MSE, while the SVM used these data to adjust the parameters based 

on a random search. Data from the last year were used for testing purposes. 

We took the multi-year daily 90th percentile largest value at each station in the basin as 

an index of station extreme precipitation [22] and 15 mm of MAP as an index of basin 

extreme precipitation because at this MAP, 50% of the stations experienced extreme 

precipitation events. 

 

5.2. Performance Measures 

In the current study, model performance was measured using Precision ( P ), Recall 

( R ) and F -Measure ( F ) [23].  

Precision denotes the proportion of predicted positive cases (extreme precipitation) that 

are correct real positives:   

   
positive predicted#

positive predictedcorrectly #
P .                                     (8) 

Conversely, Recall is defined as the proportion of real positive cases that are correctly 

predicted as positive: 

   
cases predicted real#

positive predictedcorrectly #
P ,                                   (9) 

where P  and R  represent the false alarm rate and missing report rate, respectively, in 

precipitation forecasting. The larger the P  value, the lower the false alarm rate; while the 

larger the R  value, the lower the missing report rate.  

The F -Measure is defined as a weighted average of the precision and recall:  

)(

)1(
2

2

RP

PR
F








,                                                   (10) 
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where an F  score reaches its best value at 1 and worst score at 0;   represents the 

weight.  Typically 1  is used to obtain the 1F -measure: 

RP

PR
F




2
1 .                                                      (11) 

5.3. Comparative Approach 

The discriminative models in this paper were evaluated by comparison with 4 time 

series prediction methods and the Naïve Bayes algorithm, which is a generative model. 

The comparative feature sets are as follows: 

 Simple moving average method (SMA): the mean precipitation value of the 

evidence window serves as the prediction for the future precipitation. 

 Linear weighted moving average method (Linear_WMA): the linear weighted 

mean precipitation is considered as the mean precipitation prediction for the future, that is 








d

i i

d

i ii

wml

w

ew
eF

1

1)( ,                                                      (12) 

where 
i

e  is the precipitation level over time i , and 
i

w  is the corresponding weight. 

 Exponential Moving Average method (EMA): this predicted value (denoted )(tS  

at time t ) is calculated based on the following formula: 

)1()1()(
1

 tSetS  ,                                           (13) 

where 
1

e  is the last precipitation level and   between 0 and 1 is tuned empirically to 

optimize accuracy. 

 Auto-regression method (AR): the classic AR method is performed according to 

the following formula:  





p

i

tii
etX

1

)(  ,                                                 (14) 

where )(tX , p  and 
t
  refer to the predicted value, the order and the white noise, 

respectively, at time point t . 

 Naïve Bayesian algorithm (NB): This algorithm is based on the Bayesian theorem. 

It is provided with an input space set nRA  for n  dimensional vector, and the output 

space for the class tag set  
k

cccC ,,,
21
 . The input is the feature vector AX  , and 

the output is CY  . X is the random vector defined on A , and Y  is the random variable 

defined on C . ),( YXP  is the joint distribution probability distribution of X  and Y .   

The prior probability and conditional distribution probability is as follows:  

KkcYP
k

,,3,2,1),(   ,                                          (15) 

 ),,,()( )()()2()2()1()1(

k

nn

k
cYxXxXxXpcYxXP   ,           (16) 

Due to the exponential number of parameters  in 
( | )kP X x Y c  

, the Naïve 

Bayes algorithm makes conditional independence assumptions for each feature. Formula 

(16) can be simplified as: 

)()( )()(

k

jj
n

j
k

cYxXpcYxXP  ,                          (17)

  

Based on the Bayesian theorem, the posterior probability )( xXcYP
k

  can be 

calculated as follows:  

 




k kk

kk

k
cYPcYxXP

cYPcYxXP
xXcYP

)()(

)()(
)( ,                    (18) 
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A maximum a posteriori (MAP) decision rule is used to select the hypothesis that is 

most probable:   

)(maxargˆ xXcYPy
k

 .                                  (19) 

For a given input x , i.e., evidence vector, we can calculate ŷ  as the estimated 

precipitation level.  

 
5.4. Results and Analysis 

 

5.4.1. Comparison of Different Feature Sets  

To demonstrate the utility of rich feature sets for extreme precipitation forecasting, we 

applied different feature sets to two discriminative models, i.e., SVM and NN, and one 

generative model, i.e., NB. Five feature sets were used for comparison. Feature set 1 only 

contained the aggregate features of basin precipitation data, while feature set 2 added the 

statistical features from the same data set based on feature set 1. New features derived 

from basin meteorological knowledge by reduction were then added to feature set 2 to 

generate feature set 3. Feature set 4 incorporated a meteorological factor, while feature set 

5 further added the typhoon factor. The P, R and F1 measures of different models with 

different feature sets are shown in Figure 3, Figure 4, and Figure 5, respectively.  
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Figure 3. Comparison of Precision (P) Between Three Statistical Learning 
Models with Different Feature Sets 
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Figure 4. Comparison of Recall (R) Between Three Statistical Learning 
Models with Different Feature Sets 
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Figure 5. Comparison of F1 Measure between Three Statistical Learning 
Models with Different Feature Sets 

 

5.4.2. Comparison of Different Prediction Models  

Then, we compared proposed discriminative models, i.e., SVM and NN with rich 

feature sets (full features in our approach) with types of traditional time series methods, 

i.e., the simple moving average method (SMA), linear weighted moving average method 

(Linear_WMA), exponential moving average method (EMA), and auto-regression method 

(AR), and the Naïve Bayes (NB) generative model, which also contained rich feature sets. 
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The results are shown in Table 2. The highest scores of each measure are highlighted in 

bold.  

Table 2. Comparison of Basin Extreme Precipitation Forecasting Among 
Different Prediction Models 

Models 

Measures 

Precision(P) 
Recall 

(R) 
F1- score 

SVM 0.39 0.74 0.51 

NN 0.57 0.43 0.49 

NB 0.65 0.32 0.43 

SMA 0.24 0.11 0.15 

Linear_W

MA 
0.18 0.09 0.12 

EMA 0.29 0.26 0.27 

AR 0.35 0.15 0.21 

 
As we can see from Table 2, SVM obtains the best results of Recall and F1-score, 

while NB obtains the best result of precision. The improvement of F1 score of SVM 

compared to NN, NB, SMA, Linear_WMA, EMA and AR are 4.1%, 18.7% , 240%, 

325%, 88.8% and 143% respectively. 

 

6. Conclusion 

This paper proposes the use of discriminative learning models with rich feature sets for 

extreme precipitation forecasting. Two discriminative models, i.e., the neural network 

method that belongs to empirical risk minimization (ERM), and the support vector 

machine that belongs to the structural risk minimization (SRM) method, are adopted to 

predict basin extreme precipitation events whose causes are not yet fully understood. The 

features derived from four different data sets were generated by function-based methods 

and were incorporated into discriminative modeling. The experimental results show that 

the discriminative models are superior to the generative model and the time series 

methods based on the F1 score. The support vector machine model with a full feature set 

achieved the best prediction performance. 

Experiments using more features that are dependent on other data sets are ongoing, 

especially those that can reflect the causes of extreme precipitation in the pre-flood season 

or the dry season. Moreover, although the Recall of the Naïve Bayes generative model 

was not that good, it did yield the highest Precision. Therefore, we will further research 

combination forecasting technology that incorporates different statistical learning models. 
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