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ABSTRACT OF THE THESIS 
 

Feature Selection of PERSIANN, based on Multiple Regression Analysis with Principal 
Component Analysis 

& 
Using Three-Cornered Hat method to evaluate Precipitation products 

 
By 

 
Ata Akbari Asanjan 

 
Master of Sciences in Civil Engineering 

 
 University of California, Irvine, 2016 

 
Professor Soroosh Sorooshian            Chair 

 
 
 

My thesis addresses two aspects of satellite precipitation estimation. In the first chapter, 

feature selection aspect of PERSIANN algorithm will be discussed. In the second chapter 

the Generalized Three-Cornered Hat method is used for intercomparison of PERSIANN-

CDR and TRMM and CRU datasets over Iran. For this part, a part of author’s collaboration 

with Professor Katiraie of Azad University, Tehran (Corresponding author: Katiraie-

Boroujerdy) will be represented. Chapter three presents the summary and conclusions.  

The PERSIANN model is an Artificial Neural Network-based (ANN) model for precipitation 

estimation using satellite information, and the datasets generated by it have gained 

popularity for application in both weather and climate studies. Research related to the 

PERSIANN system is ongoing, and it mainly focuses on improving its accuracy required for 

various applications. One of these improvements in the system includes the input feature 

selection of the model which can help the Neural Network to better learn the precipitation 

pattern by adding more relevant information. The Multiple Regression Analysis (MRA), by 
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taking the advantage of Principal Component Analysis (PCA) to solve the collinearity is 

employed as the framework for ranking those features or inputs that are most useful for 

the learning process. 

Later on, to evaluate how well the algorithm is doing, a reliable in-situ observation set is 

required in order to test and compare the satellite-based observations. Often we are 

challenged with lack of availability of adequate reference ground-based observations. This 

became the motivation to come up with a creative and reliable method to compare any 

datasets regarding the precipitation characteristics. In order to do that, the use of 

Generalized Three Cornered Hat (GTCH) for comparing the reliability of each dataset 

without having a reference is presented in chapter two. Using this method has enabled us 

to compare at least three datasets in order to compare them in spatial resolution. 
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INTRODUCTION 

 

In the first chapter, the focus is on estimating precipitation and its pattern where the 

challenge is to come up with improvements to achieve the highest accuracy.  To address 

this problem, Sorooshian et al., 2000 proposed an algorithm based on Artificial Neural 

Network (ANN) to estimate the precipitation with satellite-based input data. This model 

which is called PERSIANN produced a range of datasets that can be used in both weather 

and climate studies (Ashouri et al., 2015). 

Having an automatic algorithm to estimate the precipitation quantities and patterns is 

highly desirable, but the results would depend on the quality of the input data. Therefore, 

the main objective of developing and/or enhancing precipitation algorithm is to choose the 

best set of inputs and model parameters. In the case of Artificial Neural Network, we have 

the advantage of using an optimization algorithm (Suzuki, 2011) which we can conclude 

the most important part of tuning an ANN is feature selection and informative data 

selection to minimize the classification error, especially for the rainfall pattern which will 

be estimated by PERSIANN model (Hsu et al., 1997). Having the most relevant information 

with the highest entropy can help the model to learn and classify the data in more accurate 

manner.   

PERSIANN is a three layer feed forward Neural Network which includes classification and 

regression. (Hsu et al., 1997) used Self Organizing Feature Map (SOFM) for the 

classification part. SOFM is trying to organize the data into lower subsets regarding the 

topological order (Kohonen, 1998). 
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The initial and the most important step for gaining knowledge about how the input data is 

providing information to the model is to rank the inputs by the level of informative 

information. Because of opaque connections between the inputs and parameters within the 

structure of Neural Network, finding a reliable statistical ranking method is difficult. 

 

In the second chapter of this thesis, the focus is to find a reliable dataset in order to gain a 

reference for comparing the results from the PERSIANN estimates which were used in   

PERSIANN-CDR as well. 

Three-Cornered Hat is a method of comparing at least three independent datasets. The 

method is based on Gauss-Markov theorem  (Galindo and Palacio, 1999) where Ordinary 

Least Square estimator can be used as the best linear unbiased estimator, based on the 

assumption  of uncorrelated errors with  zero mean and constant  variance (Larroca, 2010). 

A. Premoli & P. Tavella (1994) reconsidered the assumption of uncorrelated errors  and 

derived a generalized method applicable for either uncorrelated and correlated datasets. 

 

 

 

 

 

 

 

 

 



3 
 

Chapter One 

 

Input-Output Relation 

 

 The learning process required by Neural Networks can be complicated. However, there is 

an assumption that in most of the classification algorithms which are unsupervised, like 

Self-Organizing Feature Map (SOFM), the more dependency of the feature to target class, 

the less classification error (Peng et al., 2005). 

Generally, in any kind of classification method, the most important part of data is the   

segment which can be resized into a smaller dataset with almost the same information 

entropy. The useful data can be extracted from the dataset in order to result in an optimal 

solution. 

The input-output relation is important but the relation between inputs has been effective 

to select the optimum input. In current PERSIANN, there are linear and non-linear relations 

between inputs which will cause complexities in the feature selection process. 

 

 

Methodology 

 

Because of the complexity of the process of clustering in Neural Network and also using 

extracted features from an input, using a method that can recognize the participation of 

each input set can be highly beneficial. The method which I implemented in this thesis is 
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Multiple Regression Analysis (MRA) method combined with Principal Component Analysis 

(PCA) which is called Principal Component Regression (PCR) for the purpose of detecting 

the most useful input (predictor) among the datasets (Al-Alawi, 2008). This approach can 

tell how much different images are related to the target image.  For this purpose all the 

datasets are scaled and normalized in order to be compared with the same importance. 

This method can independently distinguish which image or input has more contribution in 

the target result. 

 

A method which can find the best match of the predictors (inputs) regarding the target, we 

can use the Multiple Regression Analysis, which is a reliable method for finding 

dependencies of model inputs to the target or targets. The general form of MRA would be 

                                               (1.1) 

Where   represents the population of inputs (which is defined as  ) and   {          } 

will represent the coefficient vector. The    is referred as intercept and the rest coefficients 

are called partial regression coefficients. The subscript   refers to the     unit in the 

population. As we assume   with 0 mean and    constant variance in simple regression, we 

will have the same assumption here. The   coefficients can be estimated by the using least 

square method. 

In Multiple Regression models if the inputs are highly correlated to each other, or in other 

words, if one input can be estimated linearly from another, then there will be a problem in 

estimating the coefficients of regressions and this will corrupt the model estimations. Thus, 

we can use Principal Component Analysis or Least Square Method (LSM) to prevent such 

phenomenon from occurring and solve the collinearity. 
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Principal Component Analysis (PCA) is a powerful statistical tool for describing data in the 

manner of invariant characteristics of features. It will transform the data in order to 

describe it in new axis which we call principal components. PCA will express the data in linear 

components in order to cover the maximum data possible within a smaller subset of space. PCA 

has low cost of complexity and can perform in a time saving manner. It can also be more 

efficient than Least Square Method because it is more stable to handle small eigenvalues due to 

the linear dependence of each predictor. 

In this study, the input data to the PCR model is the inputs of PERSIANN algorithm which 

contains the mean and standard deviation of 3x3 and 5x5 neighborhood of centered pixel.  

 he inputs to PER  A   are the         rightness temperature data derived from  nfrared 

long wave channel of GOES satellite with a temporal timescale of 30 minutes and as 

mentioned 3x3 and 5x5 neighborhood pixels of mean and standard deviation of each 

original image of centered pixels. PERSIANN targets hourly precipitation images from 

Stage-Four Radar. I changed the temporal scale of Brightness data in order to be the same 

as the radar data. The resolution of radar data was also scaled up to be the same as inputs. 

 By having five images corresponding to each input and one target image, we can use the 

following method to gain the information needed on their relation to target image; 

Having a scaled dataset which can be represented by 

∑   
 
                   (1.2)  

 

Then calculating the covariance of the inputs {        } can show the correspondence 

between the data sets: 

    
 

 
∑      

  
             (1.3) 
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The eigenvalue equation will give the eigenvector and eigenvalue 

                   (1.4) 

For positive eigenvalues and       we can solve the above equation by transforming it 

into 

|    |                    (1.5) 

This method has the advantage of simplicity which can be highly beneficial in any study, 

because there are lots of redundant data in our features capable of corrupting the 

performance of the algorithm. Therefore using the Principal Component Analysis can help 

us focus on the essential data that is relevant.  
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Non-Linearity Associated with Predictors 

 

In the previous section we assumed that predictors are linearly dependent on each other; 

thus, we used the Linear Principal Component Analysis (LPCA), but we know that we are 

using standard deviation operator which is not a linear operator; therefore, using the 

linearity assumption can cause unfair judgment. The proposed solution for this problem is 

to use Kernel Principal Component Analysis (KPCA) or Non-Linear Principal Component 

Analysis with a kernel hyper parameter to freely investigate the dataset. 

KPCA can generalize the assumption that the data will be mostly summarized by linear 

component while introducing the non-linearity to this assumption. 

The changes needed in the process of nonlinear PCA are to introduce a variable   to 

translate data into another space   which can acquire arbitrarily large dimensions (Can 

also be infinite dimensions). 

The assumption of dataset being centered is still valid in this method so we will have   

∑       
      (Schölkopf et al.,1998). Now the covariance matrix can be calculated 

  ̃   
 

 
∑       

                     (1.6) 

The eigenvalue equation will give the eigenvector and eigenvalue 

  ̃   ̃               (1.7) 

For positive eigenvalues,   being infinite dimensional and     , we can solve it by 

transforming the equation into 

| ̃   ̃ |                 (1.8) 

Now we can multiply       to the left side of the eigenvalue equation 
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 ̃                  ̃             (1.9) 

The eigenvalue equation can tell us that   falls into the domain of       {      }. Thus 

we can say 

   ∑         
             (1.10) 

Next, by multiplying the two sides of the above equation with      the projection of 

eigenvectors on   space we obtain. 

         ∑         
                 (1.11) 

What we gain here is the             which is the Gramian matrix of inner space dot 

product called kernel. 
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Application of PCA Regression in Feature Selection 

 

Described model will provide an image which, based on the assumptions, of the model, 

would be the best match of all given predictors. On the other hand, a measure of matching 

should be indicated in order to compare all the predictors. For this purpose, I used 

Generalized Cross validation Criterion (GCV),  chwarz’s  ayesian  nformation Criterion 

(SBI), Standard Deviation for Error (SDE) Mean Absolute Deviation (MAD) and Mean 

Relative Absolute Deviation (MRAD) which are described as 

Generalized Cross Validation Criterion:      
 ‖      ‖ 

                
 

Where      is a     matrix of influence. 

Schwarz Bayesian Information Criterion:          ̂  
 

 
       

 ̂ is the maximum of likelihood estimator and   is the dimensions of parameter space 

(Schwarz, 1978). 

Standard Deviation for Error:      
 

√ 
 

Where   is the sample standard deviation. 

Mean Absolute Deviation:                                    
 

 
∑ |    ̅| 

    

 

Mean Relative Absolute Deviation:       
   

               
 

  in all the above equations is the total number of data. 
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The Best results with respect of the indices mentioned are Linear, Polynomial with order of 

3 and Gaussian kernels 

Linear 
     

 
GCV SBIC SDE MAD MRAD 

Center 

Pixel 
1.00 9.55 118.53 75.35 75.44 

3x3 Mean 1.46 9.92 142.86 90.70 90.77 

5x5 Mean 1.46 9.93 142.99 90.81 90.88 

3x3 STD 1.56 9.99 147.74 94.70 94.81 

5x5 STD 1.57 10.00 148.24 95.13 95.24 

    

 

 

Polynomial 
     

 
GCV SBIC SDE MAD MRAD 

Center 

Pixel 
1.35 9.85 137.66 87.38 87.45 

3x3 Mean 1.22 9.75 130.95 83.63 83.86 

5x5 Mean 1.23 9.75 131.00 83.56 83.79 

3x3 STD 1.22 9.74 130.63 83.08 83.30 

5x5 STD 1.24 9.76 131.52 83.74 83.96 

      

Gaussian 
     

 
GCV SBIC SDE MAD MRAD 

Center 

Pixel 
1.46 9.92 142.94 91.70 91.80 

3x3 Mean 1.43 9.91 141.60 90.84 90.93 

5x5 Mean 1.43 9.91 141.60 90.84 90.94 

3x3 STD 1.54 9.98 146.63 94.09 94.19 

5x5 STD 1.54 9.98 146.68 94.13 94.24 

 

Table 1.1    The comparison of each input by defined indices for Linear, Polynomial and Gaussian Kernels 
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Examining the results we can see that the linear kernel can do a better job than the others 

therefore, we can say that our model’s relations among inputs can be assumed as linear  So 

the best model can be the simple linear PCA. 

 The centered pixel in linear kernel is the best match with respect of all indices. In 

polynomial kernel, the 3x3 Mean and Standard Deviation gives a better result. In the 

Gaussian model 3x3 and 5x5 Mean which can be justified by the characteristics of the 

kernel and how it processes but overall, we can see that the best results belongs to 

centered pixel from the linear kernel which can express the deep dependency of the target 

on this predictor. 
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Figure 1.1    The best predictor combining all the information of inputs, Radar Data, PCA’s scores for the most 

important parts of image and Centered Pixel. 

 

The image shown above corresponds to the results obtained from the best matching 

solution. Each map is taken out by the mask of radar data and we can compare only the 

parts which we have the corresponding data on radar.  

The Best Predictor is computed from MLR model and it can be seen that it is closely related 

to centered pixel. The PCA score also is processes through MLR and the result emphasizes 

on the Raining part as well and it is highly dependent on center pixel map. 
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Chapter Two 

 

Data specifications 

 

For this case of study, we used CRU, TRMM3B42V7 and PERSIANN-CDR over Iran. The 

temporal resolution is monthly covering the period from 1998 to 2007. The spatial 

resolution is          he datasets may not be independent because they share data in areas 

without coverage and for that reason the assumption of Three-Cornered Hat will be 

violated. For this reason the Generalized Three-Cornered Hat which is a general form that 

can cover both independent and dependent datasets was used during the comparison (A. 

Premoli & P. Tavella, 1994). 

 

 

Methodology 

 

For the precipitation datasets, each data of the time-series will have a “true” part called 

signal and a “noisy” part accompanying the signal. So the data for each time-step could be 

noted as: 

                      {     }      {     }                                                 

Where   is the number of rainfall products that are intended to be compared and   is the 

number of months of data. Also   represents the signal and   would be the Gaussian noise. 
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Let {  }      and {  }      represent the time-series of   products and their noises 

respectively. Then by taking a reference between the products, we will have; 

                                 {     }      {       }                                     

                                                                                                      

Where    presents the product assumed as arbitrary reference and    is the relative noise 

for the reference product. In this study, we collected 120 months (from 1998 to 2007) data 

for three satellite-based and rain gauge based products. Then by calculating the covariance 

of matrix  ; 

                                                                                                  

The covariance function provides the calculation of variance which are the diagonal 

elements of matrix   and the covariance values for the off-diagonal elements. And matrix 

  can be related to dependent and independent noise matrix which will be presented by   

(Galindo and Palacio, 2003); 

                                                                                                   

The matrix   is   by   and matrix   is a   by       transformation matrix relating   and   

in the described relation. The transformation matrix is given by 

          [

  
  

 
   
   

    
      

]                                                                         

It can be concluded by the structure of the equation and the associated matrices that    

undetermined parameters remain in matrix  . As the free undetermined parameters, we 

will choose the last column of the noise matrix   which includes       covariances of  th 

product with other products and the variance of  th product (Galindo and Palacio, 2003) 

and the rest of elements can be determined using these free parameters; 
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                                       {       }                                                  

 he key constraint for restricting the free parameters’ solution domain is for matrix   to be 

positive definite. Tavella and Premoli (1994) proved that it will be possible if and only if 

the determinant of matrix   is larger than zero 

| |                 (2.8) 

This constraint is the key for only restricting the solution domain; however we cannot find 

the free parameters with only this constraint. Using another criterion for solving the given 

problem is needed in this phase. As Galindo and Palacio (1999) suggested, there are two 

objective functions. The first one seems to be simple having the knowledge from the 

problem 

      ∑    
    

| |                      {                }        (2.9) 

The second one has more physical information regarding the problem but it may cause 

some nonconvexity problems during the minimization 

     ∑   
    

         
              {                }      (2.10) 

Galindo and Palacio (1999) proved that the second objective function doesn’t lead to a 

unique solution and it will range in a soft behavior within a small variation. Thus we choose 

the first function to solve the problem which will result in a unique answer so will end up 

in a unique matrix of  . 

In these functions,   is a set of free parameters which will be calculated after minimization 

of the objective function. The minimization process is convex because it is following the 

global minimum of an elliptic paraboloid within the constraint area (Galindo and Palacio 

1999). 
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Now we can minimize the chosen objective function regarding the defined constraint. 

Minimization problem can be solved through any method but because of the of Kuhn-

Tucker theorem in handling inequalities as constraints, it would be a wise choice for our 

problem (Kuhn et al. 1956). 

The general form of Kuhn-Tucker theorem is 

               

                                       

Where it will choose   (in our case  ) variable, as we have in this problem the free 

parameters, to minimize the function of those variables i.e. the cost function subjected to   

constraints which is defined for the problem as | |   . 

Now by adding   additional variables i.e. slack variables to the subject functions, we can 

convert the inequality form to equality and change the problem to the classical 

optimization problem 

               

                                           

Let’s assume that the       for            are all differentiable. If the function       

reaches the local minimum subjected to { |                   } thus there should be a 

Lagrangian multiplier as a vector to satisfy the Kuhn-Tucker conditions stated below 

       

   
  ∑   

      
  

   

 
                           (2.11) 

    
                            (2.12) 

  
     

                             (2.13) 

  
                        (2.14) 
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    is the point in which the       reaches the local minimum and    is the Lagrangian 

multiplier vector. The values for vector are dependent on the subject of the problem. In our 

case, the subject is          which is not the same as the general form of the problem. To 

solve this, the values of the Lagrangian multiplier should be non-positive. 

Satisfying these conditions will solve the problem to find the local minimum which in our 

case is the same as global minimum. 

Now that noise information has been obtained, we can use it as a productivity scale (Signal 

to Noise Ratio) for the products: 

     
      

       
          (2.15) 

  would be the time series between 1998 and 2007 of each data point. 

The benefit of using signal to noise ratio evaluation is that it will take into account the 

uncertainty and interrelation of products (Bormann 2005). 

For the independent datasets, we can be expecting a diagonal matrix for Error but for 

dependent datasets, it can show the dependency errors in the Error matrix, so it has the 

flexibility to cover both dependent and independent datasets. However, the final error 

relation between three datasets would be the diagonal values representing each dataset’s 

error relative to the other observed data. 
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Comparison 

 

The basic concept of Generalized Three-Cornered Hat was to estimate the errors of each 

datasets in temporal dimension. Having the error factor of these datasets, without any 

presumed reference for comparison, can help us to evaluate them in a justified manner. 

Now that noise information has been obtained, we can use them as a quality scale for the 

products: 

     
      

√∑             
   

         (2.16) 

In which    would be the time series during 1998 to 2007 of each data point. 

The benefit of using signal to noise ratio evaluation is that it will take into account the 

uncertainty and interrelation of products (H. Bormann, 2005). 
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Generalized Three-Cornered Hat results 

  

As mentioned earlier, the datasets used in this study are CRU, PERSIANN-CDR and TRMM.   

As shown in figures 2.1, 2.2 and 2.3 below, the mean annual rain estimates for the 3 

datasets show the same pattern over the selected region. 

In this figure, no statement can be assumed because all the products have their differences 

at some level, so there cannot be any reference. 

 

 

Figure 2.1    Mean annual rain over Iran for years 1998 to 2007 in (mm) 
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But after processing the data with the proposed approach, the noise estimates for each 

product show the uncertainty associated with each pixel during 1998 to 2007 between 

three products. 

 

 

Figure 2.2   Noise or Error estimation in (mm) for 120 months 

 

As shown above, the amount of noise in TRMM is much higher than other products. Even 

CRU, which is used as the “truth”, is showing some degree of noise   he procedure allows 

independent comparison of the three products and as expected we can see that gauge data 

does not necessarily perform accurately.  
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Having the corresponding errors for each product provides us a good sense of comparison 

between them. The proposed method for ranking the datasets is based on signal to noise 

ratio 

 

 

Figure 2.3    Signal to Noise Ratio plots over Iran for years from 1998 to 2007 
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Chapter 3 

 

Summary & Conclusion 

 

In the first chapter of this thesis an object recognition method using Principal Component 

Analysis (PCA) and Kernel PCA was developed in order to solve the collinearity of the 

Multiple Regression Analysis method. This model aimed to find the best matching feature 

in the predictor dataset used by PERSIANN model. The proposed method was tested on 

United States for the year of 2012. Results indicate the following: 

1) As the assumption mentioned by (Peng et. Al, 2005): “ n unsupervised learning usually 

the more dependency of the feature to target class, the less classification error ”  his 

statement is true for PERSIANN model as well. The center pixel data is more relevant than 

other inputs. 

 

2) The results show that the linear PCA can handle the complexity of dataset relations in a 

good manner. Another kernel that can be useful for our dataset is Gaussian kernel. In the 

other side, polynomial kernel which thought to be a good estimator for predictors did not 

do a good job, even with different orders 

3) The proposed model may underestimate the nonlinear computation of Neural Network 

model and it can justify the high values of Schwarz Bayesian Information Criterion (SBIC) 

but it still can be used as an index to compare the predictors because having lower SBIC 

will cause less complexity for the model to process data. 
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4) Having large standard deviation of error can express that our model has extreme 

outliers which effected this index but seeing from all kernels, the range of this index is 

similar and it can be caused from data structure and the uncertainties in measurements 

also the target contains many zeros which makes it difficult for model to come up with a 

good Mean Absolute Deviation and also Mean Relative Absolute Deviation but despite that 

we can use the indices because it still can show the differences between predictors and it 

can still be useful as a measure of best match. 

In the third chapter, Generalized Three-Cornered Hat was developed to compare different 

precipitation products regardless of reference. Following this comparison, Signal to Noise 

Ratio was used to compare the strength of signals. Results of this implication indicate the 

following: 

1) Using the proposed method presented in this thesis which does not depend on a given 

reference dataset (In-situ observation data such as CRU), results in more objective 

evaluation of various precipitation dataset. 

 2) Signal to Noise Ratio defines the best signal as the one with less dependency on noise. In 

other words, SNR chooses the signal with lower noises as the best signal. 

3) The results shown in figures 2.1, 2.2 and 2.3 indicated that PERSIANN-CDR can be a 

reliable source for precipitation estimations. 
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