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ABSTRACT 

Information about rainfall is very necessary for the country of Indonesia which bears the title of an agricultural country. 

This is because the agricultural sector is very vulnerable to climate change, where rainfall is one indicator of climate 

change-related to crops. Therefore, an accurate rainfall forecasting model is needed to assist farmers in determining 

planting time, cropping patterns, and others by utilizing information from GCM outputs. However, the information 

provided by GCM is still on a global scale and has a low resolution for local scale forecasting. However, GCM output 

information can still be utilized by using statistical downscaling techniques. Statistical Downscaling is a technique that 

connects GCM output as a predictor variable with local rainfall in Jember Regency as a response variable with the 

intermediary of a functional model. The response variable, namely local rainfall in Jember, was taken from January 

2005 to December 2018 with a total of 168 data. As for the GCM output response variables, there are three types of 

variables used in this study, namely precipitation, sea surface pressure, and air temperature with a 3×3 domain to a 

10×10 domain. The two data will be split with data from January 2005-December 2017 as training data to build the 

model and data from January 2018 to December 2018 as testing data used for model validation. In this study, rainfall 

forecasting in Jember Regency was carried out using two combined methods, the first method was Projection Pursuit 

Regression followed by the Artificial Neural Network method. For the second method, using the projection results from 

PPR as a dimension reducer of a large predictor variable, namely PP and followed by the Support Vector Regression 

algorithm. At the modeling stage with PPR, the optimum domain and many functions will be determined, where the 

chosen domain is a 6×6 domain and the number of optimum functions is m=5. Furthermore, it will be modeled using 

two rainfall forecasting methods, namely ANN and SVR. The results of model validation using RMSE show that the 

PP+SVR method has a smaller RMSE value of 65.61 compared to the PPR+ANN method with an RMSE value of 67.48. 

This shows that the performance for the PP+SVR model is better than the PPR+ANN model. 

Keywords: General Circulation Model (GCM), Statistical Downscaling (SD), Projection Pursuit (PP), 

Projection Pursuit Regression (PPR), Artificial Neural Network (ANN), Support Vector Regression (SVR). 

1. INTRODUCTION 

Besides being known as a maritime country because 

it has a wider sea area than its land, Indonesia is also 

known as an agricultural country because some of its 

residents have a livelihood as farmers. As an agricultural 

country, the agricultural sector has an important role in 

the overall national economy [1]. However, the obstacle 

in the agricultural sector is climate change which can 

affect cropping patterns, planting time, production, and 

yield quality and one of the indicators of climate change 

is rainfall [2]. Therefore, an accurate forecasting model is 
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needed to assist farmers in providing information about 

rainfall by utilizing information about global atmospheric 

circulation obtained from the General Circulation Model 

(GCM) [3]. However, GCM has too low resolution in 

predicting local rainfall but GCM can still be used to 

obtain local scale using the downscaling technique. 

One of the downscaling techniques used to form 

forecasting models is statistical downscaling. The 

statistical downscaling model uses statistical methods to 

describe the relationship between data on large-scale 

units and data on small-scale units in a certain period. The 

number of variables used in forecasting rainfall causes 

the conventional approach is not recommended in 

forecasting. Therefore, a forecasting model that utilizes 

artificial intelligence models such as Artificial Neural 

Network (ANN) and Support Vector Regression (SVR) 

is needed. ANN is a computerized intelligence system 

that simulates the inductive power and behavior of the 

human brain and can generalize, abstract, and extract 

statistical properties from data. Meanwhile, SVR is based 

on Support Vector Machine (SVM). 

ANN and SVR are models that have emerged as an 

alternative and a good technique for solving nonlinear 

regression problems. However, the large dimension of 

GCM output information which is a predictor variable 

becomes an obstacle in the study because it can 

potentially lead to multicollinearity. Therefore, a method 

is needed to reduce GCM outputs such as the Projection 

Pursuit (PP) contained in the Projection Pursuit 

Regression (PPR) model. Projection Pursuit Regression 

(PPR) is an SDs technique that is used to overcome the 

problem of predictor variables from GCM outputs that 

have dimensions that are too large through the projection 

process. 

Many kinds of research on rainfall forecasting using 

the SDs technique have been carried out, such as 

Anitawati (2010) who researched rainfall forecasting 

using SDs modeling with the Principal Component 

Regression (PCR) and Projection Pursuit Regression 

(PPR) methods and the results showed that the PPR 

method had more accuracy. better than the PCR method 

[4]. Fauziah (2019) conducted a study on monthly rainfall 

in Jember by modeling SDs using the Support Vector 

Regression (SVR) method and found that SVR is a good 

SDs technique for forecasting rainfall in Jember [5]. The 

statistical downscaling approach uses global or regional 

data. One of the statistical downscaling methods that can 

overcome non-linear GCM data is projection pursuit 

(PP). So, in this case, the PP method is used to reduce 

GCM data, which then the reduction results are used for 

projection pursuit regression (PPR) modeling. The PP 

method is an alternative method for similar uses to 

principal component analysis, reducing the multiple 

variable data dimensions. PP as an estimator of the SD 

model [6]. Another method used for SD is an artificial 

neural network (ANN) [7]. 

Based on previous research and Indonesia's complex 

natural conditions, it is necessary to forecast accurate 

rainfall on a local scale. Therefore, researchers are 

interested in forecasting rainfall using the PP prediction 

method contained in the PPR method and combining it 

with the SVR algorithm. In addition, researchers are also 

interested in forecasting using the PPR and ANN 

methods. The two models are then compared to find out 

which model has more accurate forecasting performance. 

2. MATERIAL AND METHOD 

2.1. Study Region 

This research was conducted in Kabupaten Jember. 

Kabupaten Jember is one of the districts in East Java 

which has an astronomical location wit113° 16′ 28" E  to 

114° 3′ 42" E longitude and 7° 59′6" S  to 8° 33′56" S 

latitude. Jember Regency has an area of 3,293.34 km2 

with a topographical character of fertile canyon plains in 

the middle and south and surrounded by mountains that 

extend the western and eastern borders. Kabupaten 

Jember was a tropical climate with a temperature range 

between 23oC – 32oC. The southern part of Jember is 

lowland, with the outermost point being Barong Island.  

Temperature figures range from 23ºC – 31ºC, with the 

dry season occurring from May to August and the rainy 

season from September to January. Simultaneously, the 

rainfall is quite a lot, which ranges from 1.969 mm to 

3.394 mm [2].  

2.2. Data Description 

This study uses two kinds of data, GCM precipitation 

data and local data. GCM precipitation which is global 

data used as a predictor variable. Rainfall data in Jember 

region which is local data used as a response variable. 

The data used is the daily rainfall data for 2005-2018 

from the rain observation station in Jember which is then 

processed into monthly rainfall obtained from the BMKG 

Station. This data can be accessed on the BMKG website 

for the period January 2005 - December 2018. The data 

obtained for the preprocessing step are divided into two 

parts, in-sample data, and out-sample data. In-sample 

data are used as learning data to build a prediction model, 

while out-sample data are used to validate a model 

whether the model used is valid. Out sample data are used 

rainfall data from 2005 to 2016, while for in sample data 

used data for 2017 and 2018. 

A plot of rainfall data with fluctuations is like in 

Figure 1, where the highest data or the highest rainfall is 

in December 2014 with maximum rainfall data reaching 

more than 500. While for the lowest rainfall occurs in 

several months of July 2018, August 2011, August 2012, 

September 2014, August 2015, and September 2015. 

Twelve years of observed data have consistent 

fluctuation, each year there is rainfall with low intensity 
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and high intensity. For rain with high intensity occurs 

from October to April, while the intensity of low rainfall 

each year has the same fluctuation from May to 

September. 

 
Figure 1 Monthly Rainfall Data Plot. 

In Figure 2, a scatterplot of local rainfall data and 

GCM data is presented. After the data is displayed in a 

scatterplot, the first column, and the first-row show non-

linearity. Therefore, this study uses PPR as a model to 

reduce non-linear data dimensions. The other rows and 

columns are the same GCM data from a different domain. 

 
Figure 2 The plot of Response Variables and Predictor 

Variables. 

2.3. Method 

2.3.1. Projection Pursuit 

Projection Pursuit (PP) is a dimensional reduction 

method underdispersed based on searching for a 

projection of primary information from large-

dimensional data [7]. The dimension reduction procedure 

using PP is carried out based on the optimum projection 

index, in contrast to the dimensional reduction using 

PCA, which is carried out based on the largest variance. 

The PP method has been used for estimating the 

concentration of fungi, classification, and non-parametric 

regression, especially dealing with non-linear data 

structures. PP method can be used to overcome the non-

linear structure in the bear dimension data [7]. Let X be a 

matrix data of size  𝑡 × p with dimension of g, and Z is a 

matrix of size 𝑡 × k (k < p) as the result of the projection 

on X. 

If 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑝}  is a matrix of predictor 

variables with dimension p, then the linear projection  

ℜ𝑝  → ℜ𝑘 is written in equation 1  as follows. 

𝑍𝑡 = 𝐴𝑋𝑡 , 𝑋 ∈ ℜ𝑝, 𝑍 ∈ ℜ𝑘 , 𝑘 < 𝑝 (1) 

where A is the orthonormal projection coefficient matrix. 

The Matrix A is obtained by maximizing the projection 

index function, I(A).  

Dimensional reduction with PP uses the projection 

index 𝑰(𝑭𝑨)  to obtain the maximum of matrix A through 

numerical optimization of the parameters(equation 2). 

𝐼(𝑍) = 𝐼(𝐴𝑋𝑇) = 𝐼(𝑨) (2) 

The projection index 𝑰(𝑨) can be obtained from the 

following equation 3.   

𝐼(𝐴) = 1 −
∑ (𝑟𝑖−𝑆𝛼(𝐴𝑋))

2𝑡
𝑖=1

∑ 𝑟𝑖
2𝑡

𝑖−=1

. (3) 

2.3.2. Projection Pursuit Regression 

Projection Pursuit Regression (PPR) is one of the 

nonparametric and nonlinear regression methods to 

process data in large dimensions that can describe 

information in small dimensions through the projection 

process [8]. Thus, PPR can solve the problem of local 

averages, polynomial functions, and recursive 

partitioning. PPR model begins with maximizing the 

index projection, determines the functions of a single 

variable on a basis empirical based on optimum 

projections, as well adds up these functions [9]. 

Based on [10], the PPR algorithm is as follows. The 

regression surface is approximated by a sum of 

empirically determined univariate functions Sum of 

linear combinations of the predictors: 

𝜑(X) = ∑ 𝑆𝛼(𝑚)(𝑍)
𝑀

𝑚=1
  

where  𝑍 = (𝛼(𝑚) ∙ 𝑋) and 𝛼(𝑚) is a vector coefficient of 

A that maximize the Projection index of I(α) as follow: 

𝐼(α) = 1 −
∑ (𝑦𝑖−𝑆𝛼(𝛼∙𝑥𝑖)

𝑡
𝑖=1

∑ 𝑦𝑖
2𝑡

𝑖=1

.  

The approximation is constructed in an iterative manner. 

1. Determine the initial residual value and the value of 

M (number of functions) as written in equation 4 

and 5 below.  

𝑟𝑖 ← 𝑦𝑖 , 𝑖 = 1,2, … , 𝑡  (4) 

𝑀 ← 0  (5) 

where ∑𝑦𝑖 = 0 . The number of functions is 

determined based on function optimization 

m=1,2,3,4,5 and determining the number of 

functions selected based on the best validation 

results. 

2. Determine α and 𝑆𝛼 in the model.  
For linear combination, 𝒁 = 𝜶𝒎𝑿 , determined 
smooth function 𝑺_𝜶(𝒁) according to the Z values 
using the projection index I(α). As for the projection 
index I(α) can be calculated using equation 6 below. 
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𝐼(𝛼) = 1 −
∑ (𝑟𝑖−𝑆𝛼(𝛼𝑥𝑖))

2𝑡
𝑖=1

∑ 𝑟𝑖
2𝑡

𝑖=1

  (6) 

Determine the coefficient vector 𝛼𝑀+1  that 
maximizes  𝐼(𝑎)  (projection pursuit), 𝛼𝑀+1 =
𝑚𝑎𝑥𝛼

−1(𝐼(𝛼))  and the smooth function is 
𝑆𝛼𝑀+1

(𝑍). 

3. End of Algorithm 

If I(α) is smaller than the threshold value then it 

stops. But, if I(α) is greater than the threshold value, 

the residual value and M value are changed as 

written in the following equation 7 and 8. 

𝑟𝑖 ← 𝑟𝑖 − 𝑆𝛼(𝑍), 𝑖 = 1,2, … , 𝑡  (7) 

𝑀 ← 𝑀 + 1  (8) 

And return to the previous step. The threshold value 

is obtained from the linear combination boundary in 

the scatterplot between the response variable and 

the predictor variable. The following (equation 9 

and 10) is the end of the PPR algorithm: 

𝑦𝑖 = ∑ 𝑆_𝛼𝑚(𝑎𝑚𝑋)𝑀
𝑚=1   (9) 

     = 𝛽0 + ∑ 𝛽𝑚𝑓𝑚( ∑ 𝛼𝑘𝑚 𝑋𝑖𝑘
𝑛
𝑘=1 ) + 𝜀𝑖

𝑀
𝑚=1   (10) 

𝑆_𝛼𝑚(𝑎𝑚𝑋)  is an unknown function and 𝛼𝑚 =
𝛼1𝑚, 𝛼2𝑚, … , 𝛼𝑘𝑚  is a unit vector where m is the 

basis of the function. 𝑋𝑖 = (𝑋𝑖1, 𝑋𝑖2, … , 𝑋𝑖𝑘) is the 

k-th predictor variable and the i-th observation, 𝑦𝑖  

is a response variable, 𝜀𝑖  is a random vector with 

𝐸(𝜀𝑖) = 0 and 𝑣𝑎𝑟(𝜀𝑖 = 𝜎2) [11]. 

2.3.2. Artificial Neural Network (ANN) 

Artificial Neural Network Artificial (ANN) is an 

information processing technique or approach inspired 

by the workings of the biological nervous system, 

especially in human brain cells in processing information. 

The key element of this technique is the structure of the 

information processing system which is unique and 

varied for each application. Neural Network consists of a 

large number of information processing elements 

(neurons) that are connected and work together to solve a 

particular problem, which is generally a classification or 

prediction problem. 

Neural networks usually have unique artificial 

neurons and the model of a multilayer neural network. 

The signal flow from inputs 𝑥1, 𝑥2, 𝑥3, … 𝑥𝑛 is considered 

to be unidirectional, and 𝑤1, 𝑤2, 𝑤3 . . . 𝑤𝑛 are associated 

weights to the corresponding inputs. The acceleration or 

retardation of the input signals is formed by the weights 

to account for the strength. Hence the total input received 

is written in equation 11: 

𝑰 = 𝒘𝟏×𝟏 + 𝒘𝟐×𝟐 + ⋯ + 𝒘𝒏×𝒏  (11) 

The sum is passed on to a non-linear filter called 

Activation Function Φ (equation 12) which forms the 

thresholding process. The sum will be compared with 

threshold value 𝜽, if 𝑰 > 𝜽  then output is 1, otherwise 0 

(equation 13). 

𝒚 = 𝝓(𝑰)  (12) 

𝒚 = ∑ 𝒘𝒊𝒙𝒊 − 𝜽 𝒏
𝒊=𝟎 .  (13) 

 

2.3.2. Support Vector Regression 
Support Vector Regression (SVR) is an application of 

the Support Vector Machine (SVM) model in the case of 

regression. SVR is a method that functions to overcome 

the problem of overfitting so that it will affect the results 

of good performance and find a function as a hyperplane 

(separation line) in the form of a regression function (𝑥) 

which can approximate the output to an actual target by 

minimizing the error function (𝜀) [12]. 

For example, training data 

[(𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑙 , 𝑦𝑙)]  with input vector 𝑥𝑖  and 

output vector 𝑦𝑖  is a continuous number, so SVR wants 

to find the regression function which is written in 

equation 14 as follows: 

f(x) = wTφ(x) + b  (14) 

where w is the weighting vector and 𝜑(𝑥) is a function 

that maps x in a dimension and b is a bias.  

To get the optimal hyperplane, it is done by 

maximizing the margin. Maximizing margin can be done 

by minimizing ‖𝑤‖ or ‖𝑤‖2 as written in equation 15. It 

is, therefore, necessary to solve the following 

optimization problems: 

min
1

2
‖w‖2  (15) 

which fulfills the requirements (equation 16 and 17): 

yi − wφ(xi) − b ≤ ε  (16) 

wφ(xi) − yi + b ≤ ε, i = 1,2, … , λ  (17) 

All points are assumed to be in the range 𝑓(𝑥) ± 𝜀 

(feasible). However, in the case of infeasible, where some 

points may be out of range 𝑓(𝑥) ±  𝜀, so it is necessary 

to add a slack variable 𝜉 and  𝜉∗ to overcome the problem 

of an infeasible constraint in an optimization problem as 

shown in Figure 3. 

 
Figure 3 The hyperplane of SVR. 

 

Furthermore, the optimization problem above can be 

formulated in equation 18 as follows: 

min
1

2
 ‖w‖2 + C

1

l
∑ (ξi + ξi

∗)l
i=1   (18) 

that fulfills (equation 19, 20, 21) 

yi − wTj(xi) − b − ξi ≤ ε, i = 1,2, … , l  (19) 

wj(xi) − yi + b − ξi
∗ ≤ ε , i = 1,2, … , l  (20) 

ξi, ξi
∗ ≥ 0  (21) 

The optimization solution can be solved by finding the 

dual form using Lagrange multiplication, so that the 

Lagrange function formed is as follows: 
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ℒ(w, b, ξ, ξ∗, α, α∗, ƞ, ƞ∗) =
1

2
‖w‖2 + C ∑ (ξ𝑖 +l

i=1

ξi
∗) ∑ αi(yi − wTφ(xi)

l
i=1 − b − ε − ξi) +

φ(xi) ∑ αi
∗(b + wTl

i=1 −yi − ε − ξi
∗) − ∑ (ƞξi + ƞ∗ξi

∗)l
i=1             

 (22) 

To get the optimal solution, the partial derivative of the 

Lagrange function is carried out with respect to 

𝑤, 𝑏, 𝜉, 𝜉∗. From the above equation w can be written as 

equation 23 below: 

w = ∑ (αi − αi
∗)l

i=1 φ(xi)  (23) 

 

Then the optimal hyperplane is written: 

f(x) = ∑ (αi − αi
∗)𝑛𝑆𝑉

i=1 φT(xi)φ(xj) + b  (24) 

As for calculating the dot product 𝜑𝑇(𝑥𝑖)𝜑(𝑥𝑗)  in 

equation (24) is calculated using the kernel function 

𝑘(𝑥𝑖 , 𝑥) = 𝜑𝑇(𝑥𝑖)𝜑(𝑥) so it is explicitly formulated in 

equation 25 as follows: 

f(x) = ∑ (αi − αi
∗)𝑛𝑆𝑉

i=1 k(xi, x) + b  (25) 

Some common kernel functions used in SVM literacy 

are: 

Table 1. Kernel SVM 

Kernel Definition 

1. Linear 𝐾(𝑥𝑖 , 𝑥𝑗) = 𝑥𝑗
𝑇𝑥𝑖  

2. Polynomial 𝐾(𝑥𝑖 , 𝑥𝑗) = (𝑥𝑗
𝑇𝑥𝑖 + 1)

𝑝
 

3. RBF (Radial 

Basis Function) 
𝐾(𝑥𝑖 , 𝑥𝑗) = exp (−

‖𝑥𝑖 − 𝑥𝑗‖
2

2𝜎2
) 

4. Sigmoid 𝐾(𝑥𝑖 , 𝑥𝑗) = tanh(𝛼𝑥𝑗
𝑇𝑥𝑖 + 𝜃) 

 

2.3.2. Method Evaluation 

In this case, the performance of the PPR model was 

evaluated using Root Mean Square Error (RMSE). 

RMSE is a performance index to determine the accuracy 

of the PPR model in predicting the target values [4]. 

RMSE is a measure of how to spread out these residuals 

or error that has occurred between the test values and the 

predicted values. A smaller RMSE value indicates a 

better model, mathematically (equation 26): 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑ (𝑦𝑖 − �̂�𝑖)

2𝑛
𝑖=1   (26) 

3. MODEL DEVELOPMENT 

In this study, two variables were used, namely 

predictor variables and independent variables. The 

response variable in this study is local rainfall in Jember 

Regency with a period of January 2005 to December 

2018. As for the predictor variable, the data period used 

follows the period of the response variable, namely 

January 2005 to December 2018. The two data are then 

divided into two, namely training data and testing data. 

Training data is used to build a model with data used from 

January 2005 to December 2017. Meanwhile, testing data 

is used to validate the model with data used in the period 

January 2018 to December 2018. The predictor variable, 

namely GCM output, involves several domains for 

forecasting rainfall. from the smallest domain that is 3x3 

to the largest domain of 10x10. Each domain has many 

different variables because there are three types of 

predictor variables used, so the 3x3 domain has a total of 

27 predictor variables. 

In the SDs model using PPR, the steps taken before 

setting the rainfall forecasting model are to determine the 

optimum number of functions and domains. In 

determining the optimum function and domain, it can be 

seen from the smallest RMSE value. 

Based on Table 2, the optimum function is located at 

m=5 and the optimum domain is located at 6x6. This is 

because the m=5 and 6x6 domains have the smallest 

RMSE value compared to the RMSE value in other 

functions and domains, which is 22.79. 

 

Table 2. Minimum RMSE Value for Each Domain 

Domain Size RMSE 

3×3 23.12 

4×4 27.41 

5×5 23.31 

6×6 22.79 

7×7 25.46 

8×8 30.74 

9×9 26.11 

10×10 24.41 

 

4. RESULT AND DISCUSSION 

Many optimum functions, namely m=5 and optimum 

domain 6x6 with 108 predictor variables will be used to 

build an accurate PPR model. Furthermore, the PPR 

model will be combined with the ANN model. It did not 

stop there, the research was continued by using the 

reduction method in the PPR model, namely PP to build 

other forecasting models. The PP reduction method will 

be combined with the SVR algorithm and produce a 

comparison of forecasting results using PPR+ANN, 

PP+SVR, and PPR with the actual data as follows. 
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Table 3. Comparison of forecasting results of PPR, 

PP+SVR, PPR+ANN with actual data 

Month Actual PPR SVR(PP) PPR+ANN 

Jan-18 485.013 486.064 309.406 380.3422 

Feb-18 363.872 363.873 322.930 293.7831 

Mar-18 164.923 164.875 246.431 196.0471 

Apr-18 200.167 196.992 265.362 211.7999 

May-18 60.936 60.313 73.680 93.0959 

Jun-18 35.859 36.128 51.732 46.90766 

Jul-18 1.449 0.041 12.271 26.21182 

Aug-18 2.551 5.591 53.465 15.07176 

Sep-18 13.718 16.248 1.017 29.38189 

Oct-18 139.769 73.741 86.472 64.66991 

Nov-18 365.231 352.099 355.180 223.4819 

Dec-18 325.359 562.263 280.253 424.1979 

Based on Table 3, we get a plot of the results of the 

comparison of rainfall forecasting in 2018 using the PPR, 

PPR + ANN, PP + SVR models, and the actual data. 

 

Figure 4 The plot of Comparison forecasting results of 

PPR, PP+SVR, PPR+ANN with actual data. 

Furthermore, to find out which performance is better 

between the three forecasting models, namely PPR, 

PPR+ANN, and PP+SVR, it can be seen from the 

validation values of the three models using RMSE. 

Following are the results of the validation of the three 

models with RMSE. 

Table 4. RMSE values of the three forecasting models 

 PPR PPR+ANN SVR(PP) 

RMSEP 71.11 67.48 65.61 

Based on the validation value above, it can be seen 

that the rainfall forecasting model that has the smallest 

RMSE value is the forecasting model using the PP+SVR 

method with an RMSE value of 65.618283 which 

indicates that the PP+SVR model has better performance 

than the other two models, namely PPR and PPR. 

PPR+ANN. 

5. CONCLUSION 

The three models show that the forecasting 

performance is not much different, indicated by the small 

difference in the RMSE value between the models. 

However, when compared between the three models, the 

forecasting model using the PP+SVR method has better 

performance because it has a smaller RMSE value than 

the other two models. 
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