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Spatial and temporal interpolation methods are commonly used methods for 

estimating missing precipitation rain gauge data based on values recorded at 

neighboring gauges. However, these interpolation methods have not been 

comprehensively checked for their ability to preserve time series characteristics. 

Assessing the preservation of time series characteristics helps achieving a threshold 

criteria of length of gaps in a data set that is acceptable to be filled. This study 

evaluates the efficacy of optimal weighting interpolation for estimation of missing data 

in preserving time series characteristics. Rain gauges in the state of Kentucky are used 

as a case study. Several model performance measures are also evaluated to validate the 

filling model; followed by time series characteristics to evaluate the accuracy of 

estimation and preservation of precipitation data characteristics. This study resulted in 

a definition of region-specific threshold of the maximum length of gaps allowed in a 

data set at five percent.
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1. Introduction 

1.1 Background 

The study of precipitation is of vital importance to civil engineers, hydrologists, water 

resource managers and climate scientists. Historical and projected rainfall estimates are 

integral parameters in the design of infrastructure based on stormwater run-off and its 

management (Akan 1993; ASCE 2000; Rosenberg et al. 2010), such as transportation 

systems, storm sewers, retention-detention ponds, and flood canals. Surface and ground 

water resources are directly or indirectly dependent on replenishment via rainfall, ASCE 

(1996). Therefore, a reliable estimation of missing precipitation data is vital for such 

projects and resources management. 

Several advancements in the collection of precipitation data occurred such as radar data 

collection. However, the oldest and most common tool for the collection of precipitation 

data is, still, networks of rain gauges. Rain gauges serve as the only tool available for the 

direct measurement of rainfall, Cheng et al. (2008). However, missing precipitation data 

is an ongoing issue that hydrologists and meteorologists face on a daily basis. Missing 

precipitation data occurs because of systematic and random errors. Whether the 

measuring tool is a typical rain gauge or an advanced radar, errors occur and result in 

gaps in data sets that make the data useless and defeat the purpose of collecting it.  
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Researchers developed various methods to estimate missing precipitation data and fill 

in the gaps. Numerous rain gauge data focused methods have been proposed for the 

infilling of missing historical precipitation data. Interpolation methods fall into wide 

groups such as temporal interpolation, distance-based weighting methods, non-linear 

deterministic methods, regression and time series models, and stochastic variance 

dependent methods, Teegavarapu (2009). Temporal interpolation methods are only 

usable for small time scales of missing data (less than a day). For such intervals, serial 

autocorrelation is significant. 

At longer time intervals of missing rainfall data, spatial interpolation is used for 

estimation of precipitation data. Several methods use distance-based interpolation for 

infilling rainfall data such as the Thiessen Polygon Method (Tabios III and Salas 1985; 

ASCE 1996) and the Inverse Distance Method ASCE (1996). However, these two 

methods have limitations (Grayson and Bloschl 2001; Vieux 2001; Brimicombie 2003) 

that may prevent such methods from being recommended for spatial interpolation 

Grayson and Bloschl (2001). Alongside the linear interpolation, non-linear interpolation 

methods are also available such as Normal- Ratio Method (ASCE 1996; Xia et al. 1999), 

Gauge Mean Method, Single Best Estimator Method (Xia et al. 1999; Eischeid et al. 

2000; Teegavarapu 2009), as well as variants of mixed-integer non-linear programming 

methods Teegavarapu (2012). Regression and time series models include Global 

Polynomial Interpolation Wang (2006), Local Polynomial Interpolation (Loader 1999; 

Regonda et al. 2006) and Thin-Plate Spline Methods Chang (2004). However, these 

methods are not agreed on universally as they involve functional forms. On the other 

hand, spatial interpolation methods have generally not been evaluated for the preservation 
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of rainfall data statistics. More specifically, the effects of the percentage of missing data, 

the number of malfunctioned gauges during a specific time, and the amount of zero rain 

events in a data set has not been evaluated. Such evaluation of statistics is an essential 

component of previously mentioned applications. 

1.2 Problem Statement 

Time series interpolation cannot be reliably employed to infill missing values at a 

temporal scale of a day or greater because of the low temporal autocorrelation among 

rainfall data recorded at a single rain gauge. Therefore, rainfall data from a network of 

rain gauges in the region of interest may be used to interpolate and infill missing values 

of precipitation data.  

Spatial interpolation is, as a result, the method employed to estimate and infill missing 

rainfall data. Researchers have yet to test the effects of spatial interpolation methods and 

their results on the actual rainfall data set. In other words, the resulted filled data set will 

probably have a different type of distribution and statistical characteristics than the 

original one. Many other statistical and graphical characteristics will also change 

proportionally with the percentage of the missing data. The main focus of this thesis 

study is to determine a threshold that if the percentage of missing data exceeded, the 

filled data set will be drastically changed in statistical and graphical properties and may 

no longer be usable. 

1.3 Objectives and Tasks 

The main objective of the current study is to understand the effect of the amount of 

filled missing data on the characteristics and extremes of precipitation time series.  

In order to accomplish the objectives of this study, numerous tasks were developed. 
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The following list summarizes the tasks of this thesis study: 

1) Understand the spatial and temporal interpolation methods and their 

limitations. 

2) Develop a spatial interpolation (i.e. optimal interpolation method) method 

for infilling missing precipitation data. 

3) Evaluate the effect of filling missing data in a precipitation time series of 

specific temporal duration (i.e. daily) considering different indices and 

measures that quantify the changes in the characteristics of the precipitation 

time series. 

4) Develop several measures and indices for time series characteristics and 

model performance. 

5) Perform a comprehensive analysis of data with observed precipitation data 

and filled data series using. 

6) Evaluate the feasibility of establishing a threshold value of filling beyond 

which the filled data will affect the characteristics and extreme values of 

precipitation time series.   

1.4 Thesis Organization 

The contents of this thesis are organized as follows: 

 Chapter 1: Introduces the study domain and discusses the problem statement 

and objectives of the study. 

 Chapter 2:  A literature review that discusses methods of estimations and 

accuracy of their results. It also discusses the lack of similar studies of the 

effects of infilling missing data. 
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 Chapter 3: Outlines the methodology used to introduce missing data into full 

data sets, estimate the missing values using optimal weighting method, and 

compare & evaluate the characteristics of both original and filled data sets. 

 Chapter 4: The methodology described in Chapter 3 is applied for analysis at 

15 stations in the case study area. Further details of data collection and 

processing are presented as well. 

 Chapter 5: The results of the thesis are analyzed and presented. 

 Chapter 6: The conclusion of the study is presented, along with the 

contribution and limitations of the study, and recommendations for further 

research. 
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2. Literature Review 

To spatially estimate missing precipitation data at a point in space, various 

deterministic weighting and stochastic interpolation methods have been proposed 

(Teegavarapu 2009; Wei and McGuinness 1973; Simanton and Osborn 1980; Tung 1983; 

Krajewski 1987; ASCE 1996; Vieux 2001). A few interpolation techniques have been 

recommended by ASCE (1996) for the estimating missing rainfall data. However, 

interpolation techniques have yet to be evaluated for the preservation of historical site 

and regional statistics when such interpolation methods are used to help produce a 

serially complete precipitation data set containing observed and estimated rainfall values. 

The following is an overview of existing spatial interpolation methods for estimation of 

missing precipitation. 

2.1 Missing rain fall data estimation methods 

There are several major methods used to estimate missing precipitation data over a 

specific area of rainfall. The results of each one slightly differ between these methods. 

While some methods are used less often than others, “Traditional weighting and data-

driven methods are generally used for estimating missing precipitation.” Teegavarapu 

(2005). An example of weighing methods is the inverse distance interpolation which is 

classified under spatial interpolation methods. Other methods could be used such as non-

linear deterministic, regression, and time series analysis. 



7 

A comparison study was performed on 13 rainfall estimation methods which resulted in 

determining that isohyetal method estimated higher mean daily and monthly rainfall data 

than the other methods used in the study. The study was done by Singh and Chowdhury 

in 1986.  

Another aspect to compare when discussing variation of estimated data is the root mean 

square error (RMSE). A study done by Ashraf et al. in 1997 indicated that kriging 

interpolation method resulted in the lowest RSME.  

Simple average method was recommended by McCuen (1999) if the annual 

precipitation value at each gage has a difference of less than 10% from each other. If this 

condition was not met, McCuen proposed the normal-ratio method as an alternative to the 

simple average one.  

A study by Teegavarapu (2005) compared the following estimating methods of missing 

precipitation data: Inverse distance weighting method (IDWM), Integration of Thiessen 

polygon approach and inverse distance method (MIDWM), Coefficient of correlation 

weighting method (CCWM), Inverse exponential weighting method (IEWM), Nearest 

neighbor weighting method (NNWM), Revised nearest neighbor weighting method 

(RNNWM), Artificial neural networks estimation method (ANNEM), and Kriging 

estimation method (KEM). The study tested all the mentioned methods using 

precipitation data from the state of Kentucky, USA. The paper compared results of all 

methods using four statistical variables. The statistical variables are as follows: Root 

mean squared error (RMSE), mean relative error (MRE), mean absolute error (MAE), 

and goodness-of-fit measure (R2). The study resulted that the three most accurate 

methods are CCWM, ANNEM, and KEM. For the purpose of this thesis, the CCWM 
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method will be used to estimate missing rainfall data. 

What follows is a few explained estimation methods that are commonly used: 

2.1.1 Conceptually Simple or Naïve Estimation Methods 

These methods are conceptually simple and use regional rainfall information from 

nearby rain gauges to estimate missing values at base station (i.e., site or gauge at which 

missing data exist). Gauge mean estimator (GME) uses an average value of observations 

from the nearby rain gauges, single best estimator (SBE) uses observations from one rain 

gauge, and climatological mean estimator (CME) uses mean of historical observations 

available for that specific temporal period at the base rain gauge. The optimal number of 

rain gauges in (GME) and most representative rain gauge in (SBE) can be obtained by 

correlation, optimization, proximity metric, or predefined distance metric between base 

station and any other station. A special case of using only three nearby gauges for 

estimation was referred to as three-station average method by Paulhus and Kohler (1952). 

These methods are often used as benchmark methods to serve as a comparison point to 

advanced spatial interpolation methods and to evaluate them. 

2.1.2 Weighting Methods 

Traditional weighting and data-driven methods are generally used for estimating 

missing precipitation data at base gauges. Inverse distance (Wei and McGuinness, 1973; 

Simanton and Osborn, 1980) is one of the commonly used methods in hydrological 

applications. The inverse distance weighting method (IDWM) is the most widely used 

approach for estimating missing data in the hydrological and geographical fields ASCE 

(1996). In the field of quantitative geography, IDWM and inverse exponential weighting 

methods are commonly used for spatial interpolation. 
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Several versions and modifications of IDWM have been developed. The quadrant 

method McCuen (1999) uses the nearest gauge to the base gauge in each quadrant for 

estimation of missing precipitation data in weighting scheme similar to IDWM. Hodgson 

(1989) modified IDWM to include a learned search approach that reduces the number of 

distance calculations. To incorporate topographical aspects, Shepard (1968) proposed a 

modified IDWM that is referred to as a barrier method.  

Normal ratio method (Paulhus and Kohler, 1952; Tung, 1983; McCuen, 1999; 

Teegavarapu and Chandramouli, 2005) is another conceptually simple method for 

estimation of missing data that relies on the assumption related to average annual 

precipitation values at sites.  

2.1.3 Surface Interpolation Methods 

According to Teegavarapu (2005): Variance-dependent surface interpolation methods, 

belonging to the general family of kriging, have been applied to hydrological 

interpolation problems (Grayson and Bloschl, 2001; Vieux, 2001). These interpolation 

methods are based on the principle of minimizing the estimate of variance at points where 

measurements are unavailable. Kriging in its many forms has been used to estimate 

missing precipitation data at stations Teegavarapu and Chandramouli (2005) as well as to 

interpolate precipitation from point measurements, Vieux (2001). A comparison study 

was done by Ashraf et al. (1997) upon interpolation methods (kriging, inverse distance, 

and co-kriging) to estimate missing precipitation values. They indicated that kriging 

provided the smallest root mean square error (RMSE). Data-driven methods include 

regression and time series analysis Salas (1993). Global interpolation methods that use 

trend surface analysis and regression. Chang (2004) provide several advantages 
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compared to deterministic weighting techniques. Trend surface methods use polynomial 

equations of spatial coordinates to approximate points with known values. Regression 

models using elevation information Lloyd (2010), locally weighted polynomials Regonda 

et al. (2006), thin splines Xia et al. (1999), and local and global trend surface models 

Teegavarapu (2012) are available for estimation of missing precipitation data. Guillermo 

et al. (1985) evaluated polynomial interpolation by least squares and Lagrange approach, 

inverse distance, multi-quadric interpolation, optimal interpolation, and kriging 

techniques for estimation of missing data. They indicated kriging and optimal 

interpolation techniques are superior to the other techniques. 

2.1.4 Limitations of Estimation Methods 

Teegavarapu and Chandramouli (2005) reported several limitations and advantages of 

using deterministic and stochastic spatial interpolation techniques to estimate missing 

precipitation data at a base station using data at all other stations. They indicated that all 

interpolation techniques will fail to provide accurate estimates of missing precipitation 

data in two situations: 

1. When precipitation is measured at all or a few other stations, but no precipitation 

actually occurred at the base station. 

2. When precipitation is measured at the base station but no precipitation is measured or 

occurred at all other stations. 

In case (1), all spatial interpolation techniques will produce a positive estimate whereas 

in reality zero precipitation is recorded at the base station. It is impossible to estimate 

missing precipitation data in the second case since point observations are used to estimate 
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the missing value at the base station using spatial interpolation algorithms alone. All 

interpolation techniques produce a zero estimate for situations encountered in case (2). 

Data from other sources (e.g., radar or satellite-based estimates) can be used in these 

situations to estimate the missing values. Limitations of spatial interpolation methods 

have been reported in recent studies. Vieux (2001) pointed out several limitations of the 

IDWM, with a major one being the “tent pole effect” that leads to greater estimates closer 

to the point of interest. Grayson and Bloschl (2001) list several limitations of Thiessen 

polygons and IDWMs. They have suggested that these methods should not be 

recommended for spatial interpolation considering their limitations. However, they 

recommend thin splines and kriging for interpolating hydrologic variables. The Thiessen 

polygon approach has the major limitation of not providing a continuous field of 

estimates when used for spatial interpolation. Brimicombe (2003) indicated that the main 

point of disagreement in applying IDWM to spatial interpolation is selecting the number 

of relevant observation points used for the spatial interpolation. Many spatial 

interpolation methods lack the following:  

1. A procedure for objective selection of optimal number of neighbors (or gauges) and 

neighborhood size (in reference to local or global interpolation). 

2. Optimal weights in distance or correlation based on other weighting schemes. 

3. The ability to preserve site-specific statistics of precipitation data. 

4. Ability to provide uncertainty in the estimates. 

5. Mechanism to define rain or no-rain conditions at the site of interest or correct the 

estimates based on these conditions. 

6. Ability to preserve all the precipitation characteristics [e.g., dry and wet spells and 
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extremes, transitions (e.g., wet to dry), autocorrelation, and several others]. 

7. The ability to preserve spatial variance and regional statistics. 

2.2 Improved weighting method 

An improved weighting method developed by Teegavarapu (2012). The paper 

discussed optimal weighting method. However, the filled data set had different statistical 

properties than the original data. Then an improved method was introduced in the paper 

where the nearest neighbor of the rain gauge was taken into consideration. The correction 

method tests the nearest neighbor value if it is a zero or positive. If it is zero, the 

estimated value would become zero. This improved weighting method showed an 

excellent result in better estimating missing precipitating data. Therefore, this method 

will be used in this study to determine the threshold of estimating missing data. Figure 1 

below illustrate the improvement in results that the nearest neighbor improvement 

method provides. 

 

 
Figure 1 : Regular VS Improved weighting method results comparison 
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2.3 Evaluation of effects of infilling missing data 

So far, there has been very limited studies involving the effects of infilling missing 

rainfall data and correcting it statistically. The study by Teegavarapu (2012) addresses 

the problem associated with underestimating rainfall values and extremes using 

traditional infilling methods and introduces an improved weighting method that uses 

statistical correction using nearest neighboring rain gauge station to correct the estimated 

value of missing rainfall. This method helps avoid infilling positive rain fall data into no 

rain data gaps by checking with the nearest rain gauge. If the nearest rain gauge shows 

zero rain fall, then the missing data will probably be zero as well. This thesis will also 

discuss the effects of the number of zero rain events in a data set upon the infilling of the 

data. 
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3. Methods of Analysis 

Spatial interpolation techniques used for estimation of missing rainfall data have not 

been comprehensively evaluated for their ability to preserve site and regional statistics. 

Site statistics are mostly statistical distribution that fit a rainfall data set at the missing 

rain gauge. Regional statistics are more of spatial correlation properties and site to site 

statistical relationships. 

Using a complete rainfall data set at every station of site, this study will initially 

introduce random gaps of different lengths at a single station and infill those gaps using 

optimal weighting interpolation method. Both, the original gap-free observed data set and 

the filled one will then be studied comprehensively to analyze and understand the 

differences between the two of them. This process will be repeated for several trials at 

different lengths of gaps at each station at a time. 

The chart shown in Figure 2 provides the steps that were followed in this study:
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Figure 2: Methodology for Evaluation the Infilling of Missing Precipitation Data at 

Different Length of Gaps 

3.1 Collection and Validation of Daily Precipitation Data 

The first step in analysis is obtaining a reliable and extensive data set of daily recorded 

rainfall values from a group of rain gauges in an area of interest. Rain gauge 

measurements serve as a “ground truth” with regards to the recordings of precipitation 

values, and despite their shortcomings, this tool and its variants are the most commonly 

used tools for the measurement of precipitation, Pedersen (2010). Several methods of 

recording rainfall values such as radar-based and satellite-based measurements are still 

inaccurate and their results are often calibrated with data from rain gauges; surrogate 

measures of precipitation have also been a source of controversy (Adler et al. 2001; 

Young et al. 1999). Furthermore, the scope of this study will analyze rain gauge data 
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only. 

Hydrologic and climate models often require a reliable rainfall data set with which 

trend analysis may be carried out on the data. Such data set is also required for all the 

interpolation methods used to estimate missing precipitation data. Such data set shall also 

cover a time period that effectively captures the statistical characteristics of precipitation 

in the region. Therefore, national and international meteorological organizations have 

accepted that at least 30 years of data be used to determine climatic normals from 

climatic data sets, Guttman (1989). In the case of rain gauge measured precipitation data, 

it is also important that these rain gauges are appropriately and spatially distributed 

throughout the area of interest. 

3.2 Determining Historical Site and Regional Statistics of Observed Data 

Site statistics are primarily defined by the parameters of statistical distributions that can 

be fitted to observed precipitation data at the missing station. Regional statistics are 

primarily defined by spatial correlations and other site-to-site statistics in a region in 

relation to the missing station. Ideally, when estimates of daily precipitation data are 

added to an observed precipitation data set, the historical site and regional statistics 

should not change significantly El Sharif (2012). The following statistics of interest will 

be used for evaluation in this study are listed under the two main categories below: 

 Model Performance Evaluation 

o Quantitative measures 

o Contingency Measures  

o Skill Scores 
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 Time Series Characteristics 

o Transition Probabilities of Dry and Wet Spells 

o Extreme Deviations and indices 

o Summary Statistics 

o Correlation Coefficient 

o Kolmogorov-Smirnov Test 

o Cumulative Distribution Function Visual Comparison 

o Quantile-Quantile Plots 

3.3 Missing Data 

Understanding and quantifying the spatial and temporal variability of precipitation in a 

watershed requires continuous precipitation data at different spatial and temporal scales, 

El Sharif (2012). However, random and systematic errors which occurs in every station 

produce an error in reading that will later become a gap in the data. These missing values 

must be infilled before further analysis and usage of the data set can be carried out. It is 

common to find around 20 percent of a relatively long serial precipitation data set at a 

single station to be missing. Such high percentage of missing precipitation data may 

significantly affect the statistics of the precipitation data set. 

Figure 3 illustrate a typical data set series that includes a network of rain gauges (g1 

through g8) with their corresponding observed precipitation depth for a given time 

interval (t1 through t10) along with a representation of missing data entries among this 

data set. 
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Figure 3: Typical observed precipitation data set from a network of rain gauges 

Figure 3 illustrate a very common and general condition of missing rainfall data among 

a neighborhood of rain gauges. For the purpose of this study, it is assumed that 

precipitation data sets for all rain gauges are complete and error free. The missing rainfall 

values will be introduced to each rain gauge data set; one at a time. 

3.4 Optimal Weighting Interpolation Method (OWM) 

The OWM was explained in depth by Teegavarapu (2013) as follows; Nonnegative 

constraints requirements to obtain positive weights can be enforced using the Nonlinear 

Least Squares (NLS) formulation defined by the objective function in the following 

equation: 

Minimize            
 

 (1) 

Where       . (2) 

In the above equation; G is the (no x ns – 1) matrix of ϴj,i values, x is the matrix (ns - 1 

x 1) of      weight values and H is the matrix of (no x 1) values of observed precipitation 
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data. The variable ns is the number of rain gauges used for interpolation and ns - 1 is the 

number of rain gauges excluding the base rain gauge (i.e. rain gauge where missing data 

exist) and no is the number of time intervals. The formulation minimizes the norm given 

by the Equation (1) with constraint on the weights (inequality 2). This formulation 

provides nonnegative optimal coefficients (i.e. weights) when solved. The solution 

obtained from NLS is better than that of a multiple linear regression model as negative 

precipitation values are not possible using this method. The notation of norm used in 

Equation (1) is used to indicate the square of 2-norm (i.e. the sum of the squares of the 

difference between an estimated value and observed value for time interval i) 

    
   ∑         

    
                             (3) 

The missing precipitation data values at a base rain gauge are estimated using Equation 

(3) based on weights obtained from the formulation. The formulation may result in a 

global or local variant of spatial interpolation depending on the number of rain gauges 

selected from a total of (ns - 1) rain gauges. 

3.5 Calibration and Validation of Precipitation Data Set 

As per the assumptions discussed in Section 3.3, the data sets are assumed to be full 

and error free. These data sets will be used as per the following Figure 4 which is an 

illustration of the calibration and validation process that will be utilized throughout this 

study. 
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Figure 4: Development of calibration and validation data model and resultant data set 

The methodology proposed in this study mainly focuses on development of an optimal 

spatial interpolation method using a Nonlinear Least Squares (NLS) optimization 

formulation involving positive coefficients. The method used for the estimation of 

missing precipitation data at a station in this study involves a weighted summation of 

observed precipitation values at neighboring stations. Weights are calculated by the 
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optimization of an objective function that reduces the error in estimates to a minimum 

value. The model randomly selects a percentage (usually higher than 50%) of the entire 

data set of observed precipitation values at neighboring stations to produce a calibration 

model that estimates all precipitation data in the station of interest. The observed 

precipitation values at the station of interest are known for the entire time series, but the 

values are assumed to be “missing” while the model is calibrating.  

The weight of each neighboring station that was optimized by the model represent how 

much of an effect each station has when estimating missing values at the base station. 

These weights also represent the correlation between each station of the network and the 

station of interest. The weights are then applied onto the remaining percentage of the 

entire data set for validation purposes.  

After the calibration and validation process is complete, the result is a full set of filled 

precipitation values at the station of interest. Random data points from the filled set will 

be chosen randomly to replace correspondence values in the original observed data set at 

the station of interest. This step will be carried out randomly for each length of gaps. In 

other words, the selected percentage of missing data will be randomly picked from the 

filled data set and set aside (e.g. data set A). Then the remaining validation filled data 

will be discarded and replaced with its corresponding actual observed data and set aside 

as well (e.g. data set B). Finally, the calibrated filled data set will also be replaced with its 

corresponding actual observed precipitation values and will be set aside (e.g. data set C). 

all three datasets will now be compiled into one data set that has all actual observation 

precipitation data and a known percentage of estimated replaced data in it; compiling data 

sets A, B, & C into one complete data set. This data set will then be chronologically 
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sorted and prepared for further evaluation and comparison with the original full set of 

observed precipitation data. A conceptual schematic of the development of calibration 

and validation data sets is shown in Figure 4 above. 

The steps explained above will be applied at every station in the region of study for 

every percentage of missing data. Each station will have a randomly sampled calibration 

model from its data set and will undergo the same procedure to estimate the appropriate 

weights. 

3.6 Numerical and Statistical analysis 

The following measures will be used to evaluate and compare observed data to filled 

data at every percentage of filling. The measures will include two main categories, each 

with its own sub-categories as follows: 

 Model Performance Evaluation 

o Contingency Measures  

o Quantitative measures 

o Skill Scores 

 Time Series Characteristics 

o Transition Probabilities of Dry and Wet Spells 

o Extreme Deviations and indices 

o Summary Statistics 

o Correlation Coefficient 

o Kolmogorov-Smirnov Test 

o Cumulative Distribution Function Visual Comparison 
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o Quantile-Quantile Plots 

All these measures will be analyzed to conclude with a threshold criteria of a limit of 

filling missing rainfall data. 

3.6.1 Model Performance Evaluation 

3.6.1.1 Contingency (Accuracy) Measures 

Measures used for classification of event and nonevent categories to evaluate filled 

data. A contingency table using events (non-zero precipitation) and nonevents (no or zero 

precipitation) based on observed and filled data is listed below in Table 1. The table will 

help calculate four measures which are: concordance, error rate, sensitivity, and 

specificity, Myatt and Johnson (2009). These measures will be calculated from Table 1 

using the counts for conditions. The counts, C11, C10, C01, C00 are calculated based on 

conditions (1), (2), (3), and (4) respectively in Table 1. The variable ϴo and ϴf refer to 

observed and filled precipitation values respectively. 

Table 1: Contingency Table for Observed and Filled Precipitation Values 

 

Observed Data 

ϴo ϴo 

Filled Data 

ϴf > 0 >0  =0  

ϴf = 0 >0  =0 

By comparing each value from observed and filled values correspondingly, the true 

case from the table above will be determined and added up in a counter to determine the 

final C11, C10, C01, C00 as follows: 
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If ϴf,i > 0 and ϴo,i >0 then C11=1, else C11=0.  (4) 

If ϴf,i > 0 and ϴo,i =0 then C10=1, else C10=0.  (5) 

If ϴf,i = 0 and ϴo,i >0 then C01=1, else C01=0.  (6) 

If ϴf,i = 0 and ϴo,i =0 then C00=1, else C00=0.  (7) 

C11 = Σn C11,i ; C10 = Σn C10,i ; C01 = Σn C01,i ; C00 = Σn C00,I (8) 

Contingency measures are then calculated as follows: 

The concordance index gives the ratio of all wet and dry days that were correctly 

estimated based on filled precipitation data given observed precipitation data. 

Concordance = 
       

               
  (9) 

The error rate gives the ratio of all wet and dry events incorrectly estimated based on 

filled precipitation data given observed precipitation data. 

Error rate = 
       

               
  (10) 

Sensitivity is also referred to as success rate. It provides information about what 

fraction of the wet events obtained by filling estimates that were actually observed based 

on rain gage observations. 

Sensitivity = 
   

       
 (11) 

Specificity provides information about the fraction of dry events obtained by filled 

precipitation estimates that were actually observed as dry events based on rain gage 

observations. 
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Specificity = 
   

       
 (12) 

Concordance (accuracy) refers to the accuracy of the filled estimation, error rate relates 

to prediction errors and sensitivity and specificity measures calculate the ability of spatial 

interpolation method to provide correct states (i.e., rain or no-rain). 

Bias score or simply bias provides the ratio of frequency of wet events (ϴf > 0) 

obtained from radar-based precipitation estimates to the frequency of wet events (ϴo >0) 

obtained from rain gage observations. 

Bias Score = 
       

       
 (13) 

The probability of false detection (POFD), also known as the false alarm rate (FAR), 

measures the ratio of wet days (ϴf > 0) that were filled by interpolation but were actually 

dry days (ϴo = 0) in the original observed data set to the total number of observed dry 

days. 

POFD = 
   

       
 (14) 

The probability of detection (POD), measures the ratio of wet days (ϴf > 0) that were 

filled correctly by interpolation and were actually dry days (ϴo > 0) in the original 

observed data set to the total number of observed wet days. 

POD = 
   

       
 (15) 

3.6.1.2 Quantitative Indices 

Several error measures and association measures are used in the current study to 

evaluate the filled data as this is considered an estimate compared to observed rainfall 



26 

data from rain gage. 

3.6.1.2.1 Mean Error 

The mean error (ME) measures the average magnitude of error. The error is calculated 

as difference between filled rainfall estimate and rain gage observation. One limitation of 

this error is that the negative and positive errors will cancel out leading over or 

underestimation of overall error. The mean error is a measure of overall reliability. 

ME = 
 

 
∑             

 
    (16) 

3.6.1.2.2 Mean Absolute Error 

The mean absolute error measures the average magnitude of absolute error. The 

absolute sign eliminates the possibility of positive and negative residuals cancelling out. 

The measure is not sensitive to outliers and eliminates the limitation associated with ME. 

The MAE is a measure of overall of accuracy. 

MAE = 
 

 
∑             

 
     (17) 

3.6.1.2.3 Mean Squared Error 

This measure provides the mean of squared residuals and is sensitive to outliers. 

Atypical events, outliers will magnify the errors due to squaring of the residuals. 

MSQE = 
 

 
∑             

  
    (18) 

3.6.1.2.4 Root Mean Squared Error 

Root mean squared error is based on MSQE and is a minor variant of MSQE. The unit 

of this measure is same as the unit for the observation or estimation. 

RMSE = √
 

 
∑              

 
    (19) 
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3.6.1.3 Skill scores 

A skill score in interpolated filled data refers to relative measure of quality of an 

interpolation technique compared to actual observed data. In the current study, three 

scores that are relevant to assessment of filled rainfall data are defined, Murphy (1992). 

The terminology that is more closely associated with interpolation verification procedures 

is modified to suit the current study context of filled rainfall data, Murphy (1988). Five 

skill scores are evaluated in the current study and are based on counts obtained from the 

contingency table (refer to Table 1). These scores are; 1) Heidke skill score (HSS); 2) 

critical success index (CSI); 3) Peirce skill score (PIER); 4) Gilbert skill score (GILB) 

and 5) Odd‟s ratio. 

3.6.1.3.1 Heidke Skill Score 

The HSS is calculated based on counts from the contingency table that evaluates the data 

considering proportion correct (PC) considering the number of hits due to chance, 

Barnston (1992). 

HSS = 
                

                                     
 (20) 

3.6.1.3.2 Critical Success Index 

Critical success index (CSI) provides information about how well the wet events 

obtained by filled precipitation data correspond to observed wet events, Schaefer (1990). 

CSI = 
   

           
 (21) 

3.6.1.3.3 Peirce Skill Score 

The Peirce skill score answers the question: What was the accuracy of the filled rainfall 
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estimate in predicting the correct category, relative to that of random chance? Manzato 

(2007). 

PIER = 
                 

                  
 (22) 

3.6.1.3.4 Gilbert Skill Score 

The GILB referred to as equitable threat score answers the questions: How well did the 

wet events from filled rainfall estimates correspond to the observed wet events 

(accounting for hits due to chance)? Frattini, Crosta & Carrara (2010). 

GILB = 
       

                 
 (23) 

Cre = 
                  

 
 (24) 

3.6.1.3.5 Odd’s Ratio 

The odd‟s ratio score answers the question: What is the ratio of the odds of a wet event 

indicated by rain gage observation being correct based on filled estimation, to the odds of 

a wet event estimated by filled data being wrong? The score measures the ratio of the 

odds of making a hit to the odds of making a false alarm, Stephenson (1999). 

Odd’s Ratio = 
         

         
 (25) 

3.6.2 Time Series Characteristics 

3.6.2.1 Transition Probabilities of Dry and Wet Spells 

Transition probabilities associated with dry and wet spells are calculated based on 

conditions specified in Table 2. These probabilities are referred to as two-state first order 

Markov chain probabilities. 
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Table 2: Rain or no Rain states for Determination of Transition Probabilities 

 

Time Interval (i+1) 

ϴi+1 ϴi+1 

Time Interval (i) 

ϴi > 0 >0 (Wet-Wet) =0 (Wet-Dry) 

ϴi = 0 >0 (Dry-Wet) =0 (Dry-Dry) 

 

Two state first order Markov-chain probabilities are given by the following equations: 

P11 =     ϴi+1 > 0 | ϴi > 0) (26) 

The variable P11 refers to probability of occurrence of positive precipitation in time 

interval (i+1) given the occurrence of positive precipitation in the previous interval, i. 

P10 =     ϴi+1 = 0 | ϴi > 0) (27) 

The variable P10 refers to probability of no precipitation in time interval (i+1) given the 

occurrence of positive precipitation in the previous interval, i. 

P01 =     ϴi+1 > 0 | ϴi = 0) (28) 

The variable P01 refers to probability of occurrence of positive precipitation in time 

interval (i+1) given no precipitation in the previous interval, i. 

P00 =     ϴi+1 = 0 | ϴi = 0) (29) 

The variable P00 refers to probability of no precipitation in time interval (i+1) given no 

precipitation in the previous interval, i. 
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A comparison of these probabilities based on observed and filled data will reveal the 

discrepancies in persistence of wet and dry spells. These measures will be calculated for 

each data set separately and then by comparing the final values of each data set to 

conclude a result upon persistence. 

3.6.2.2 Indices for Precipitation Extremes 

There are several additional criteria that can help in evaluating precipitation extremes. 

Having different measures can help provide more comprehensive view and analysis of 

not only the quantity of the rainfall, but also its temporal resolution and other 

characteristics as well, Pierce (2013). A mean or total of precipitation value for a monthly 

or an annual period will only provide a one-sided view into the rainfall characteristics, 

and the effects of an oscillation on a certain season. The World Meteorological 

Organization, Tank (2009), published guidelines about indices that help to better 

characterize the intensity and the length of rainfall events. Some of these indices will be 

used as one of the tools to analyze precipitation data in this study: 

1. RX1day, maximum one-day precipitation: the highest amount of rainfall that occurs 

in a one-day period of a given calendar year. 

2. RX5day, maximum five-day precipitation: the highest amount of rainfall that occurs 

in a five consecutive day period of a given year.  

3. SDII, simple daily intensity index: is the ratio between the total rain on wet days and 

the number of wet days. RRt is the precipitation amount on any wet day, when the 

rainfall exceeds 1 mm, p (RR≥ 1 mm). Therefore; SDIIt = {sum (RRt)}/p; where p is 

the number of wet days in period t. 

4. R10mm, heavy precipitation days: the number of days where the rainfall is greater 
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them 10 mm (RR ≥ 10 mm). The daily precipitation of day i in period j is denoted as 

RRi, then the number of days are summed up where the RRi ≥ 10 mm. 

5. R20mm, very heavy precipitation days: the number of days where the rainfall amount 

exceeds 20 mm. The daily precipitation of day i in period j is denoted as RRi, then the 

number of days are summed up where the RRi ≥ 20 mm. 

6. CDD, consecutive dry days: the maximum length of a dry interval where the 

precipitation is less than 1 mm. The daily precipitation of day i in period j is RRi. 

Then the number of days where RRi < 1 mm is counted. 

7. CWD, consecutive wet days: the maximum length of a dry interval where the 

precipitation is greater than 1 mm. The daily precipitation of day i in period j is RRi. 

Then the number of consecutive days where RRi >1 mm is counted. 

8. PRCPTOT: The sum of the precipitation from wet days, where RR ≥ 1 mm. RRwj 

denotes daily rainfall in period j where w (RR ≥ 1mm). PRCPTOT j = sum (RRwj). 

Those eight extremes will be compared between observed and filled data sets to 

determine the effects of infilling at different percentages upon yearly extremes. 

3.6.2.3 Correlation Coefficient 

Measure of linear association between radar and rain gage data can be obtained by 

traditional Pearson (ordinary) correlation coefficient, Teegavarapu (2012). The 

coefficient is given by the following equation: 

   
 

   
∑

       ̅  

  
 

       ̅  

  

 
    (30) 

3.6.2.4 Kolmogorov-Smirnov Two Sample Test 

A two-sample Kolmogorov-Smirnov test is used to determine whether two sets of data 
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are sampled from the same distribution; the test is sensitive to differences between data 

sets that may not be apparent through comparison of summary statistics, Wilcox (2006), 

or by visual comparison of cumulative density plots. The null hypothesis (  ) is that 

observed and filled precipitation estimates are from the same continuous distribution. The 

alternative hypothesis (  ) is that these two data sets are from different continuous 

distributions. The hypothesis test is carried out at a specific statistical significance level 

(e.g., 5%). 

3.6.2.5 Quantile-Quantile Plots 

A quantile-quantile plot, Wilks (2011), which is also referred to as Q-Q plot is a visual 

way for comparing the marginal cumulative probability distributions of filled and rainfall 

data. In this plot a comparison is made by using quantiles of both data sets. A Q-Q plot 

will be linear if observed and filled data samples come from the same distribution. 

3.6.3 Linear Error in Probability Space (LEPS) 

Linear error in probability space (LEPS) score, Wilks (2011), is defined as the mean 

absolute difference between cumulative probability based on the filled and the 

cumulative frequency of the observed rain gage data. The calculation of cumulative 

frequencies based on filled and observed rain gage data and the representation of LEPS is 

shown in Figure 5. The score is given by the following equation. 

LEPS = ∑     
 

 
∑   

                   
 
     (31) 
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Figure 5: Schematic for linear error in probability space estimation (Teegavarapu 2012) 
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4. Case Study 

The objective of this study is to evaluate the efficacy of optimal weighting spatial 

interpolation method in preserving data set statistics at a base station at different 

percentages; followed by determining the threshold percentage where the estimation and 

infilling of missing precipitation data should no longer be carried out due to loss in data 

set statistics and site characteristics. What follows is an overview of the case study region 

(Kentucky, USA) in which the methodology presented in Chapter Three will be applied. 

4.1 Study Region 

The state of Kentucky covers a territory stretching from east longitude of 80°59’ to 

west longitude of 89°34’ as well as from north latitude of 36°30’ to the south latitude of 

39°90’ to cover a total area of 104,623 square kilometers (40,395 square miles).  

According to El Sharif (2012): The state has five major physiographic regions which 

include the Eastern Coal Field, the Bluegrass, the Pennyroyal, the Western Coal Field, 

and the Jackson Purchase. Most elevations are less than 107 meters (350 feet) above sea 

level, with its lowest elevation at approximately 76 meters (250 feet) above sea level, 

Kleber et al. (2000a). The climate is considered moderate in comparison with coastal and 

interior states with distinct seasons of equal length. According to literature, Kentucky 

annual mean precipitation varies according to latitude from 1,041 millimeters (41 inches) 

in the north to over 1,321 millimeters (52 inches) in the south, Kleber et al. (2000b).
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4.2 Description of Data 

In this study, 45 years (1/1/1971-12/31/2015) of daily observed precipitation readings 

from 15 rain gauge sites in the state of Kentucky, USA were available for analysis. Data 

was provided by the Kentucky Agricultural Weather Center, University of Kentucky. The 

stations involved in the study are shown in Figure 6. 

 

Figure 6: Location of rain gauge stations in the state of Kentucky (Teegavarapu 2009) 

The data obtained from the Kentucky Agricultural Weather Center, University of 

Kentucky has already been filled with estimated values wherever a gap occurred. The 

weather center highlighted the estimated values to distinguish them from the observed 

ones. For the purpose of this study, the data sets obtained from the weather center are 

assumed to be complete and gap free. The fact that some values has been estimated by 

the weather center is irrelevant for the current study and will have no impacts on the 

results. 
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There are a total of 16450 observations from each station. The data was obtained from 

the website and combined into an Excel spreadsheet for ease of manipulating and sorting. 

Each row of the sheet contained a date of observation, a sorting number, and fifteen (15) 

precipitation values; one from each station. The sorting numbers are added so that after 

the random filling of the data, chronological sorting is achievable with minimum steps. 

4.3 Data analysis 

In this study, Optimal Weighting Method is used to fill in the introduced gaps. The 

current study will assume 20 different scenarios of different percentages of missing 

precipitation values ranging from 1 percent to 20 percent of the entire data. MATLAB 

coding software is the main tool in this work that carries out the calibration and 

validation process explained in Chapter 3. A multi-step code was developed especially 

for this thesis to select one station out of the fifteen (15) ones and randomly introduce 

gaps consecutively from one percent (1%) until twenty percent (20%). The code will then 

have the gaps filled with the results of the optimal weighting method and resort the data 

set chronologically. At that point, MATLAB will produce a matrix of the following 

dimensions (16450 x 2). The first column of the matrix will consist of the observed data 

and the second column will contain for the filled data set. The matrix will then be written 

into an Excel spreadsheet and the process will continue to the next percentage of gaps. 

The resultant Excel file will constitute of (300) sheets of matrixes, each representing a 

percentage of missing data (from 1% to 20%) and a station of the (15) stations in this 

study. 

The main focus of this thesis is to evaluate the effects of increasing the percentage of 

missing data (gaps) in a data set and determine a threshold where the infilling of the data 
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is changing the characteristics of the original one in an unacceptable manner. 
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5. Results and Analysis 

This chapter presents and provides insights upon the results of this study.  

5.1 Computer Hardware and Software 

Interpolation procedures in this study were primarily carried out on a Virtual System, 

VMWare, with the following hardware and software specifications: 

 Processor: Dual-core 2.8GHz Intel Xeon-E5-2680 CPU 

 6 GB RAM 

 Microsoft Windows 7 Enterprise 64-bit 

 Microsoft Office Excel 2013 

 Mathworks MATLAB 2016a 

Mathworks MATLAB 2016a was the primary software used to perform interpolation, 

using a hand written non-linear calibration validation solver to estimate the best weights 

and minimize errors. The process of interpolation would take almost 3 hours to finish 

both calibration and validation parts of the analysis. Followed by contingency, skill and 

other score measures, the program required additional three hours to complete the task of 

running all skill tests and generate the results into an Excel spreadsheet.  

5.2 Model Performance Evaluation 

Measures used for classification of event and nonevent using dichotomous categories to 

evaluate filled data are developed in the current study.
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5.2.1 Contingency measures 

5.2.1.1 Concordance Measure 

The concordance measure gives the ratio of all wet and dry days that were correctly 

estimated based on filled precipitation data given observed precipitation data. 

Figure 7 illustrates the concordance score of stations 1, 2, 6, & 11. The concordance 

value shows a linearly decreasing trend with the increase of the percentage of missing 

data. The decreasing trend is due to the decrease in accuracy rate of filling when 

compared to the observed values. 

 

 

Figure 7: Concordance measure values of different lengths of gaps at individual stations 

The boxplots in Figure 8 were created using all concordance values obtained from all 
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stations at all different percentages by combining all those values respectively and 

plotting them using a boxplot for comparison.  

 

Figure 8: Concordance measure values of different lengths of gaps 

Figure 8 above shows that the concordance value is linearly decreasing with the 

increase of the percentage of missing data. With the increase of percentage of missing 

data, the accurately filled data points with the correct classification are decreasing which 

contributes to the decrease of accuracy rate of filling when compared to the observed 

values. 

5.2.1.2 Error Rate  

The error rate gives the ratio of all wet and dry events incorrectly estimated based on 
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filled precipitation data given observed precipitation data. 

Figure 9 illustrates the error rate score of stations 1, 2, 6, & 11. It is noticeable that the 

error rate value has a linearly increasing trend with the increase of the percentage of 

missing data. The increasing trend is due to the increase in inaccuracy rate of filling when 

compared to the observed values. 

 

 

Figure 9: Error rate values of different lengths of gaps at individual stations  

On the contrary, the boxplots in Figure 10 were created using all error rate scores 

obtained from all stations at all different percentages.  
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Figure 10: Error rate values of different lengths of gaps 

The inaccurately filled data points are increasing which contributes to the increase of 

inaccuracy rate of filling when compared to the observed values with the increase of 

percentage of missing data. Figure 10 above shows illustrates the inaccuracy of filling 

with a linearly increasing trend.  

5.2.1.3 Sensitivity  

Sensitivity is also referred to as success rate. It provides information about what 

fraction of the wet events obtained by filling estimates that were actually observed based 

on rain gage observations. 

Figure 11 illustrates the sensitivity score of stations 1, 2, 6, & 11. The sensitivity value 
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has a linearly decreasing trend with the increase of the percentage of missing data. The 

decreasing trend is due to the decrease in successfully filling positive precipitation values 

when compared to the total positive filled values. The number of zeros filled with 

positive vales is the main contributor to the decrease of this contingency measure 

 

 

Figure 11: Sensitivity values of different lengths of gaps at individual stations 

An overall figure of all sensitivity values was obtained from all stations at all different 

percentages by combining all those values respectively and plot them using a boxplot for 

comparison. Figure 12 illustrates the resultant boxplot. 
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Figure 12: Sensitivity values of different lengths of gaps 

The decreasing trend shown in Figure 12 above is due to the decrease in successfully 

filled positive precipitation values when compared to the total positive filled values. The 

number of zeros filled is the main contributor to the decrease of this contingency 

measure. 

5.2.1.4 Specificity 

Specificity provides information about the fraction of dry events obtained by filled 

precipitation estimates that were actually observed as dry events based on rain gage 

observations. 

Figure 13 illustrates the specificity score of stations 1, 2, 6, & 11. Specificity measure is 
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sensitive to the number of zeros filled with positive values by the model. Therefore, the 

specificity value has a linearly decreasing trend with the increase of the percentage of 

missing data. 

 

 

Figure 13: Specificity values of different lengths of gaps at individual stations 

The boxplots in Figure 14 were created using all specificity values obtained from all 

stations at all different percentages by combining all those values respectively and 

plotting them using a boxplot for comparison. 
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Figure 14: Specificity values of different lengths of gaps 

Figure 14 above shows a decreasing trend of specificity with the increase of the 

percentage of missing data. The decreasing trend is due to the decrease in successfully 

filling positive precipitation values when compared to the total positive filled values. The 

number of zeros filled is the main contributor to the decrease of this contingency 

measure 

5.2.1.5 Bias Score 

Bias score or simply bias gives the ratio of frequency of wet events (ϴf > 0) obtained 

from radar-based precipitation estimates to the frequency of wet events (ϴo >0) obtained 

from rain gage observations. 
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The following Figure 15 illustrates the bias score of stations 1, 2, 6, & 11. The bias 

score is sensitive to the number of zeros being filled with positive values value has a 

linearly increasing trend with the increase of the percentage of missing data. The 

increasing trend is due to the increase filling zero events with positive values.  

 

 

Figure 15: Bias score values of different lengths of gaps at individual stations 

Figure 16 shows several boxplots that were created using all bias score values obtained 

from every stations at different percentages of missing data by combining all those values 

respectively and plotting them using a boxplot function. 
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Figure 16: Bias score values of different lengths of gaps 

Figure 16 above show that the bias score value has a linearly increasing trend that is 

due to the increase filling zero events with positive values. The increase in filled zero 

values with positive ones is resulting in more wet events in the filled data set compared 

to the observed one. This results in the increase of this contingency measure. 

5.2.1.6 Probability of Detection  

The probability of detection (POD), also known as the hit rate, measures the fraction of 

observed wet events by rain gage that was correctly estimated by interpolation estimates. 

The following Figure 17 illustrates the probability of detection of stations 1, 2, 6, & 11. 

The probability of detection value has a fluctuating decreasing trend with the increase of 



49 

the percentage of missing data. This contingency measure is highly dependent on the 

correctly filled wet events which are also dependent on the number of random zeros 

picked from the model and filled with positive values. This dependency is what 

producing the fluctuating effect in the trend.  

 

 

Figure 17: POD values of different lengths of gaps at individual stations 

An overall figure of all probability of false detection values was obtained from all 

stations at all different percentages by combining all those values respectively and plot 

them using a boxplot for comparison. Figure 18 illustrates the resultant boxplot. 
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Figure 18: Probability of detection values of different lengths of gaps 

Figure 18 above shows a fluctuating decreasing trend of the probability of detection 

with the increase of the percentage of missing data. This contingency measure is highly 

dependent on the correctly filled wet events which are also dependent on the number of 

random zeros picked from the model and filled with positive values. Since the model 

randomly selects precipitation values from the validation data for every filling process of 

a specific length of gaps, the number of zeros picked by the model can be bigger or 

smaller This dependency is what producing the fluctuating effect in the trend. The 

decreasing trend is due to the increase filled zero events with positive values. The 

increase in filled zero values with positive ones is resulting in less correctly filled events 
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which results in the decrease of this contingency measure. 

5.2.1.7 Probability of False Detection  

The probability of false detection (POFD), also known as the false alarm rate (FAR), 

measures the ratio of wet days that were filled by interpolation but were actually dry days 

in the original observed data set to the total number of observed dry days. 

The following Figure 19 illustrates the probability of false detection of stations 1, 2, 6, 

& 11. It is noticeable that the probability of false detection value has a linearly increasing 

trend with the increase of the percentage of missing data. The increasing trend is due to 

the increase filling zero events with positive values.  

 

 

Figure 19: POFD values of different lengths of gaps at individual stations 
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An overall figure of all probability of false detection values was obtained from all 

stations at all different percentages by combining all those values respectively and plot 

them using a boxplot for comparison. Figure 20 illustrates the resultant boxplot. 

 

Figure 20: Probability of False Detection values of different lengths of gaps 

An increasing trend of the probability of false detection value is shown in Figure 20 

above. The increasing trend is due to the increase filling zero events with positive values. 

The increase in filled zero values with positive ones is resulting in less dry events in the 

filled data set compared to the observed one. This results in the increase of this 

contingency measure. 
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5.2.2 Quantitative Indices 

Several error measures and association measures are used in the current study to 

evaluate the filled data as this is considered an estimate compared to observed rainfall 

data from rain gage. 

5.2.2.1 Mean Error 

The mean error (ME) measures the average magnitude of error. The error is calculated 

as difference between filled rainfall estimate and rain gage observation. One limitation of 

this error is that the negative and positive errors will cancel out leading over or 

underestimation of overall error. The mean error is a measure of overall reliability. 

The following Figure 21 illustrates the mean error of stations 1, 2, 6, & 11. The mean 

error value is increasingly shifting away from zero value with the increase of percentage 

of missing data which is due to the higher rate of mistakenly filled values such as 

positively filling zero observation or underestimating higher end values. 
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Figure 21: Mean error values of different lengths of gaps at individual stations 

Mean error values obtained from all stations at all different percentages were combined 

in respective arrays to create a boxplot to illustrate the behavior of this value. Figure 22 

illustrates the resultant boxplot. 

 

Figure 22: Mean error values of different lengths of gaps 
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Figure 22 above shows that the mean error value is fluctuating above and under zero 

while increasingly shifting away from it with the increase of percentage of missing data. 

This is due to the higher rate of mistakenly filled values such as positively filling zero 

observation or underestimating higher end values. The fluctuation of the graph is due to 

the sensitivity of the mean error to the negative sign. In other words, the mean error is 

the sum of all positive and negative errors which underestimates the actual error in 

measurements. 

5.2.2.2 Mean Absolute Error 

The mean absolute error measures the average magnitude of absolute error. The 

absolute sign eliminates the possibility of positive and negative residuals cancelling out. 

The measure is not sensitive to outliers and eliminates the limitation associated with ME. 

The MAE is a measure of overall of accuracy. 

The following Figure 23 illustrates the mean absolute error of stations 1, 2, 6, & 11. 

The mean absolute error value has a linearly increasing trend with the increase of the 

percentage of missing data. The increasing trend is due to the increase of mistakenly 

filled observed zeros with positive values as well as under estimation of higher end 

precipitation. 
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Figure 23: Mean absolute error values of different lengths of gaps at individual stations 

Figure 24 shows several boxplots that were created using all mean absolute error values 

obtained from every stations at different percentages of missing data by combining all 

those values respectively and plotting them using a boxplot function. 

 

Figure 24: Mean absolute error values of different lengths of gaps 
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Figure 24 above that the mean absolute error value has a linearly increasing trend with 

the increase of the percentage of missing data. The increasing trend is due to the increase 

of mistakenly filled observed zeros with positive values as well as under estimation of 

higher end precipitation.  

The mean absolute error is not sensitive to the negative sign because it calculates the 

difference between the two values and then provides the absolute of it. This measure is a 

more accurate representation of the error than the mean error measure. 

5.2.2.3 Mean Squared Error 

This measure provides the mean of squared residuals and is sensitive to outliers. 

Atypical events, outliers will magnify the errors due to squaring of the residuals. 

The following Figure 25 illustrates the mean squared error of stations 1, 2, 6, & 11. It is 

noticeable that the mean squared error value has an increasing trend with the increase of 

the percentage of missing data. The increasing trend is due to the increase of mistakenly 

filled observed zeros with positive values as well as under estimation of higher end 

precipitation. The fluctuation shown in Figure 25 is due to the squaring of the error which 

significantly increase the gap between values and result in local peaks as shown below. 
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Figure 25: Mean squared error values of different lengths of gaps at individual stations 

Figure 26 shows the mean squared error values obtained from every stations at different 

percentages of missing data in boxplot for comparison. 

 

Figure 26: Mean squared error values of different lengths of gaps 

Figure 26 above shows that the mean squared error value has an increasing trend with 
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the increase of the percentage of missing data. The increasing trend is due to the increase 

of mistakenly filled observed zeros with positive values as well as under estimation of 

higher end precipitation.  

The mean squared error is not sensitive to the negative sign because it calculates the 

difference between the two values and then provides the square of it. This measure is a 

more accurate representation of the error than the mean error measure. 

5.2.2.4 Root Mean Squared Error 

Root mean squared error is based on mean squared error and is a minor variant of it. 

The unit of this measure is same as the unit for the observation or estimation. 

The following Figure 27 illustrates the root mean squared error of stations 1, 2, 6, & 11. 

The root mean squared error value has an increasing trend with the increase of the 

percentage of missing data. The increasing trend is due to the increase of mistakenly 

filled observed zeros with positive values as well as under estimation of higher end 

precipitation. The fluctuation shown in Figure 27 is due to the squaring of the error which 

significantly increase the gap between values and result in local peaks as shown below. 
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Figure 27: Root mean squared error values of different lengths of gaps at individual 

stations 

An overall figure of all root mean squared error values was obtained from all stations at 

all different percentages by combining all those values respectively and plot them using a 

boxplot for comparison. Figure 28 illustrates the resultant boxplot. 

 

Figure 28: Root mean squared error values of different lengths of gaps 
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Figure 28 illustrate that the root mean squared error value has a logarithm increasing 

trend with the increase of the percentage of missing data. The increasing trend is due to 

the increase of mistakenly filled observed zeros with positive values as well as under 

estimation of higher end precipitation.  

The root mean squared error is not sensitive to the negative sign because it calculates 

the difference between the two values followed by squaring the result and ending with 

rooting it. This measure is a more accurate representation of the error than the mean error 

measure. 

5.2.3 Skill scores results 

The results for each skill score is discussed in this section by analyzing individual 

graph results as well as combined graph results. Individual graphs represent base station 

skill score results at all twenty (20) different percentages where combined graphs 

represent all results from all stations combined at all twenty (20) percentages respectively 

with a box plot. 

5.2.3.1 Heidke Skill Score (HSS) 

The HSS measures the fractional improvement of the forecast over the standard 

forecast. Like most skill scores, it is normalized by the total range of possible 

improvement over the standard, which means Heidke skill scores can safely be compared 

on different datasets. The range of the HSS]-∞,1]. Negative values indicate that the 

chance forecast is better, 0 means no skill, and a perfect forecast obtains a HSS of 1.  

Figure 29 illustrates the HSS of stations 1, 2, 6, & 11. The HSS value has a linearly 

decreasing trend due to the decrease of the correctly filled wet events ratio to the 

incorrectly filled events. 
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Figure 29: Heidke skill score values of different lengths of gaps at individual stations 

All HSS values obtained from every stations at all different percentages were combined 

respectively and plotted using a boxplot for comparison. Figure 30 illustrates the resultant 

boxplot. 
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Figure 30: HSS values of different lengths of gaps 

Figure 30 above shows that the HSS value has a linearly decreasing trend due to the 

decrease of the correctly filled wet events ratio to the incorrectly filled events. This is 

due to the increase in the number of mistakenly filled zero events which contributes to 

the denominator of the HSS value resulting in decreasing it. 

5.2.3.2 Critical Success Index (CSI) 

CSI has a range of 0 to 1, with a value of 1 indicating a perfect forecast. The CSI is 

frequently used, with good reason that; unlike the POD and the FAR, it takes into account 

both false alarms and missed events, and is therefore a more balanced score. The CSI is 

somewhat sensitive to the climatology of the event, tending to give poorer scores for rare 

events. 
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The following Figure 31 illustrates the critical success index of stations 1, 2, 6, & 11. 

The CSI value has a linearly decreasing trend due to the decrease of the correctly filled 

wet events ratio to the total number of wet events. 

 

 

Figure 31: Critical success index values of different lengths of gaps at individual stations 

CSI values were combined from each station and at every percentage of missing data 

respectively and then plotted using a boxplot function that is illustrated in Figure 32. 
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Figure 32: CSI values of different lengths of gaps 

Figure 32 above that the CSI value has a linearly decreasing trend due to the decrease 

of the correctly filled wet events ratio to the incorrectly filled wet events. This is due to 

the increase in the number of mistakenly filled zero events which contributes to the 

denominator of the CSI value resulting in decreasing it. 

5.2.3.3 Peirce Skill Score (PIER) 

The Peirce skill score answers the question: What was the accuracy of the filled rainfall 

estimate in predicting the correct category, relative to that of random chance?  

The following Figure 33 illustrates the PIER of stations 1, 2, 6, & 11. The PIER value 

has a linearly decreasing trend due to the decrease of the accurately filled events ratio to 
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the incorrectly filled events in terms of contingency categories. 

 

 

Figure 33: Peirce skill score values of different lengths of gaps at individual stations 
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Figure 34: Peirce skill score values of different lengths of gaps 

Figure 34 above represent a boxplot of all PIER values and shows a linearly decreasing 

trend with the increase of the percentage of missing data due to the decrease of the 

accurately filled events ratio to the incorrectly filled events in terms of contingency 

categories. This behavior is due the increase number of incorrectly filled zero values 

with positive ones which changes the category of the filled data point. 

5.2.3.4 Gilbert Skill Score (GILB) 

The GILB referred to as equitable threat score answers the questions: How well did the 

wet events from filled rainfall estimates correspond to the observed wet events 

(accounting for hits due to chance)? 
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The following Figure 35 illustrates the GILB of stations 1, 2, 6, & 11. The GILB value 

has a linearly decreasing trend with the increase in percentage of missing data. 

 

 

Figure 35: Gilbert skill score values of different lengths of gaps at individual stations 

An overall figure of all GILB values was obtained from all stations at all different 

percentages by combining all those values respectively and plot them using a boxplot for 

comparison. Figure 36 illustrates the resultant boxplot. 
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Figure 36: Gilbert skill score values of different lengths of gaps 

Figure 36 above illustrate that the combined GILB values have a decreasing trend with 

the increase of the percentage of missing data due to the decrease of the accurately filled 

zero events with positive values. 

5.2.3.5 Odd’s Ratio  

The odd’s ratio score answers the question: What is the ratio of the odds of a wet event 

indicated by rain gage observation being correct based on filled estimation, to the odds of 

a wet event estimated by filled data being wrong? The score measures the ratio of the 

odds of making a hit to the odds of making a false alarm. 

Figure 37 illustrates the odd’s ratio of stations 1, 2, 6, & 11. The odd’s ratio value has a 
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decreasing trend due to the decrease of the correctly filled wet events and the increase of 

the incorrectly filled dry events.  

 

 

Figure 37: Odd’s ratio values of different lengths of gaps at individual stations 
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Figure 38: Odd’s ratio values of different lengths of gaps 

Figure 38 above is a boxplot of all odd’s ratio values combined respectively based on 

percentage of missing data and shows that the odd’s ratio value has a decreasing trend 

due to the decrease of the correctly filled wet events and the increase of the incorrectly 

filled dry events. At 1%, the total number of filled values is 165 data points. The 

incorrectly filled events in terms of category within such a small number compared to the 

entire data set is very small which provides such a high odd’s ratio at that percentage of 

missing data.  

Since the odd’s ratio is basically multiplying two categories of the contingency 

measures in both its nominator and denominator, it shows a tremendous decrease in the 
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ratio of hit rate over false rate starting with 2% of missing data and thereafter. 

5.3 Time Series Characteristics 

5.3.1 Transition Probability 

The transition probabilities (P00, P01, P10, P00) are associated with dry and wet spells and 

are calculated based on methodology chapter, section 3.6.2.1. These probabilities are 

referred to as two-state first order Markov chain probabilities. 

Figure 39, Figure 40, Figure 41, and Figure 42 show the four (4) transition probabilities 

of all stations at different percentages compared to the observed ones. The P00 represents 

transition probability of having two consecutive dry days. The P01 represents transition 

probability of having a dry day followed by a wet one. The P10 represents transition 

probability of having a wet day followed by a dry one. The P11 represents transition 

probability of having two consecutive wet days. The number of zero observed values that 

were filled with positive ones by the model is the main contributor to these measures.  
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Figure 39: Dry to Dry Transition Probability 

 

Figure 40: Dry to Wet Transition Probability 



74 

 

Figure 41: Wet to Dry Transition Probability 

 

Figure 42: Wet to Wet Transition Probability 
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5.3.2 Precipitation Extremes 

5.3.2.1 Consecutive Dry Days (CDD) 

Consecutive dry days gives two values: 

 The largest number of consecutive days where precipitation is less than 1 mm/day 

 The number of dry periods of more than 5 days where precipitation is less than 1 

mm/day 

 

Figure 43: Consecutive dry days performance 

Figure 43 shows that the consecutive dry days’ value decreases with the increase of the 

percentage of missing data that was filled. This is due to the error in interpolation where a 

missing zero (0) value was filled with a positive value. 
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5.3.2.2 Consecutive Wet Days (CWD) 

Consecutive wet days gives two values: 

 The largest number of consecutive days where precipitation is greater than 1 

mm/day 

 The number of wet periods of more than 5 days where precipitation is less than 1 

mm/day 

 

Figure 44: Consecutive wet days performance 

Figure 44 above shows that the consecutive wet days’ value behaves differently with 

the increase of the percentage of missing data that was filled. The CWD value remains 

the same until 7% where it increases by one (1) day. This is due to the error in 
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interpolation where a missing zero (0) value was filled with a positive value. However, 

when this error happens, it sometimes fills the zero with a positive number that is smaller 

than 1mm which does not contribute the CWD measure. The jump in the graph does not 

occur until the model reaches higher percentages where the chance of filling a zero value 

with a positive one larger than 1mm is higher. 

5.3.2.3 Precipitation Total (PRCPTOT) 

PRCPTOT is the sum of all the precipitation values from all wet days in a one-year 

interval, where RR ≥ 1 mm. 

An overall figure of all PRCPTOT values was obtained from all stations at all different 

percentages by combining all those values respectively and plot them using a boxplot for 

comparison. Figure 45 illustrates the resultant boxplot. 

 

Figure 45:Precipitation total performance 

Figure 45 above shows that the precipitation total value decreases with the increase of 
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the percentage of missing data that was filled. The decrease in this measure is due to the 

underestimation of the higher end values of the data set.  

5.3.2.4 Heavy Precipitation Days (R10mm) 

R10mm, heavy precipitation days represent the number of days where the rainfall is 

greater than 10 mm. 

 

Figure 46: Heavy precipitation days’ performance 

Figure 46 above that the heavy precipitation days’ value almost remains the same 

increase of the percentage of missing data that was filled. However, there is a few 

percentages that shows a slight increase in the R10mm measure. This increase is due to 

R10mm being a lower end value in the data set and therefore it is sometimes over 
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estimated when being filled. 

5.3.2.5 Very Heavy Precipitation Days (R20mm) 

R20mm, very heavy precipitation days represent the number of days where the rainfall 

is greater than 20 mm. 

 

Figure 47: Very heavy precipitation days’ performance 

Figure 47 above illustrates that the very heavy precipitation days’ value decreases with 

the increase of the percentage of missing data that was filled. This is due to the fact that 

the R20mm measure is a higher end value and is being replaced with under estimates of it 

by the model.  

5.3.2.6 Maximum One-Day Precipitation (RX1DAY) 

RX1DAY, maximum one-day precipitation represents the highest amount of rainfall 

that occurs in a one-day period of a given calendar year. 
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Figure 48: Maximum One-Day Precipitation performance 

Figure 48 above shows that the maximum one-day precipitation value decreases with 

the increase of the percentage of missing data that was filled. The main factor of this 

decrease is due to the underestimation of extreme values (higher end values). 

5.3.2.7 Maximum Five-Day Precipitation (RX5DAY) 

RX5DAY, maximum five-day precipitation represents the highest amount of rainfall 

that occurs in a consecutive five-day period of a given calendar year. 
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Figure 49: Maximum Five-Day Precipitation performance 

Figure 49 above shows that the maximum one-day precipitation value decreases with 

the increase of the percentage of missing data that was filled. The main factor of this 

decrease is due to the underestimation of extreme values (higher end values). 

5.3.2.8 Simple Daily Intensity Index (SDII) 

SDII, simple daily intensity index represents The ratio between total rain on wet days 

and number of wet days in a single year. 
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Figure 50: Simple Daily Intensity Index performance 

Figure 50 above shows that the simple daily intensity index value decreases with the 

increase of the percentage of missing data that was filled. Three factors contribute to the 

decrease of the SDII value; 1) Over estimate of lower end values, 2) Under estimate of 

higher end values, and 3) Filling zero observed values with positive data. These three 

factors lead to smaller precipitation total as explained in section 5.3.2.3 as well as higher 

number of wet days in the calendar year which leads to smaller SDII value. 

5.3.3 Summary Statistics 

5.3.3.1 Mean 

The mean is the sum of a collection of numbers divided by the number of numbers in 
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the collection. The collection is often a set of results of an experiment, or a set of results 

from a survey.  

The following Figure 51 illustrate boxplots of all the stations’ averages at each 

percentage of filled data and compares it to the observed data. 

 

Figure 51: Mean values of different lengths of gaps 

The mean of the filled data is increasing with the increase of the percentage of filled 

data. This increase is due to the number of zeros in the observed data that were filled with 

positive values by the model.  

5.3.3.2 Standard Deviation (STD) 

In statistics, the standard deviation is a measure that is used to quantify the amount of 

variation or dispersion of a set of data values. A low standard deviation indicates that the 

data points tend to be close to the mean of the set, while a high standard deviation 
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indicates that the data points are spread out over a wider range of values. 

The following Figure 52 illustrates the standard deviation of the filled data of all 

stations at each percentage of missing data respectively.  

 

Figure 52: Standard deviation values of different lengths of gaps 

The standard deviation of the filled data is decreasing with the increase of the 

percentage of filled data. This decrease is due to the number of zeros in the observed data 

that were filled with positive values by the model as well as the underestimation of 

observed precipitation extremes. Those two factors cause the values to become closer to 

the mean in the filled data sets compared to the observed data set which reduces the 

standard deviation. 

5.3.3.3 Skewness  

Skewness is a measure of the asymmetry of the probability distribution of a real-valued 
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random variable about its mean. The skewness value can be positive or negative, or even 

undefined.  

The following Figure 53 illustrate boxplots of all the stations’ skewness at each 

percentage of filled data and compares it to the observed data. 

 

Figure 53: Skewness values of different lengths of gaps 

The Skewness of the filled data is decreasing with the increase of the percentage of 

filled data. The decrease of the skewness value from around 4.5 to almost 4.2 represent 

that the data is shifting away from the y axis (zero axis). This decrease is due to the 

number of zeros in the observed data that were filled with positive values by the model in 

the filled data.  
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5.3.3.4 Kurtosis  

Kurtosis is a measure of whether the data are heavy-tailed or light-tailed relative to a 

normal distribution. In other words, data sets with high kurtosis tend to have heavy tails, 

or outliers. Data sets with low kurtosis tend to have light tails, or lack of outliers. A 

uniform distribution would be the extreme case. 

The following Figure 54 illustrate boxplots of all the stations’ kurtosis at each 

percentage of filled data and compares it to the observed data. 

 

Figure 54: kurtosis values of different lengths of gaps 

The kurtosis of the filled data is decreasing with the increase of the percentage of filled 

data. The decrease of the Kurtosis value from around 40 to almost 35 represent that the 

data is having a lower peak with every increase of the percentage in filled data. This 

decrease is due to the underestimate of the observed extreme values. 



87 

5.3.4 Correlation Coefficient 

Correlation coefficient is a number that quantifies some type of correlation and 

dependence, meaning statistical relationships between two or more random variables or 

observed data values. 

The following Figure 55 illustrate boxplots of all the stations’ correlation coefficient at 

each percentage of filled data. 

 

Figure 55: Correlation coefficient values of different lengths of gaps 

The correlation coefficient of the filled data is decreasing with the increase of the 

percentage of filled data. The decrease of the Correlation Coefficient value from around 1 

to almost 0.95 is insignificant in terms of correlation coefficient. Such low decrease is 

due to the balance effect that higher percentage rates of missing data provides since it 

increases the chances of underestimating of the observed extreme values and 



88 

overestimating the precipitation values at the lower end of the data set. 

5.3.5 Two Sample Kolmogorov–Smirnov Test (KS test) 

A two sample Kolmogorov–Smirnov test is a nonparametric test of the equality of 

continuous, one-dimensional probability distributions that can be used to compare two 

samples. The Kolmogorov–Smirnov statistic quantifies a distance between the empirical 

distribution function of the sample and the cumulative distribution function of the 

reference distribution, or between the empirical distribution functions of two samples. 

The null distribution of this statistic is calculated under the null hypothesis that the 

samples are drawn from the same distribution. In each case, the distributions considered 

under the null hypothesis are continuous distributions but are otherwise unrestricted. 

There are two possible hypothesis test results for KS test; the first one is H0 which 

means that both data sets are from the same distribution, the second one is H1 which 

means that each data set comes from a different distribution. Figure 56 illustrates a bar 

graph with the number of null hypothesis among the fifteen (15) station at different 

length of gaps. 
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Figure 56: Kolmogorov–Smirnov test results of different lengths of gaps 

It is noticeable that up to 4% of missing data, all filled data sets share the same 

distribution as the observed ones. At 5%, almost one third of the total number of stations 

failed the KS test and at 6% the number increased to two thirds. Starting from 8% of 

missing data, all stations failed the KS test. 

5.5.6 Cumulative Distribution Function (CDF) 

A CDF is a function whose value is the probability that a corresponding continuous 

random variable has a value less than or equal to the argument of the function. 

The following Figure 57 and Figure 58 illustrate station one (1) and station six (6) at six 

(6) different percentages consecutively as follows (1%, 4%, 8%, 12%, 16%, 20%). 
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Figure 57: CDF Plots of Station 1 at different lengths of gaps 
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Figure 58: CDF Plots of Station 6 at different lengths of gaps 

With the increase of the percentage of missing data, the gap between the observed and 

filled plots is also increasing. This is due to the underestimation of precipitation values at 

the higher end of the data set as well as infilling observed zero values with positive ones 

during modeling. 
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5.5.7 Quantile-Quantile Plots 

A quantile-quantile plot the quantile-quantile (QQ) plot is a graphical technique for 

determining if two data sets come from populations with a common distribution. 

A QQ plot is a plot of the quantiles of the first data set against the quantiles of the 

second data set. While a quantile means the fraction (or percent) of points below the 

given value. 

A 45-degree reference line is also plotted. If the two sets come from a population with 

the same distribution, the points should fall approximately along this reference line. The 

greater the departure from this reference line, the greater the evidence for the conclusion 

that the two data sets have come from populations with different distributions. 

The following Figure 59 and Figure 60 illustrate station one (1) and station six (6) at six 

(6) different percentages consecutively as follows (1%, 4%, 8%, 12%, 16%, 20%).  
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Figure 59: QQ plots of station 1 at different lengths of gaps 
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Figure 60: QQ plots of station 6 at different lengths of gaps 

With the increase of the percentage of missing data, the gap between the observed and 

filled plots is also increasing. This is due to the underestimation of precipitation values at 

the higher end of the data set as well as infilling observed zero values with positive ones 

during modeling. 

5.4 Linear Error in Probability Space (LEPS) 

Linear error in probability space (LEPS) score is defined as the mean absolute 

difference between cumulative probability based on the filled and the cumulative 

frequency of the observed rain gage data.  

The following Figure 61 illustrates the linear error in probability space of stations 1, 2, 

6, & 11. The linear error in probability space value is rising with the increase of 
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percentage of missing data. 

 

 

Figure 61: Linear error in probability space values of different lengths of gaps at 

individual stations 

An overall figure of all linear error in probability space values was obtained from all 

stations at all different percentages by combining all those values respectively and plot 

them using a boxplot for comparison. Figure 62 illustrates the resultant boxplot. 
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Figure 62: Linear error in probability space values of different lengths of gaps 

Figure 62 above that the linear error in probability space value goes up with the 

increase of the percentage of missing data that was filled. 

5.5 Results table 

The following results Table 3 illustrate the time series characteristics measures along 

with their ranges of possible values. Table 3 defines a threshold for each measures and 

determines at what percentage of missing data that threshold was crossed by each 

measure. 
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Table 3: Time series characteristics results and associated threshold 

Indices Range Threshold Percentage of 

missing data 

Mean [0, +∞ [ 5% Change Pass 

Standard Deviation [0, +∞ [ 5% Change 18% 

Skewness ]-∞, +∞ [ 5% Change 16% 

Kurtosis [0, +∞ [ 5% Change 6% 

Kolmogorov-Smirnov {0,1} 5% Change 5% 

Consecutive Dry Days [0, +∞ [ 2 Day Change Pass 

Consecutive Wet Days [0, +∞ [ 2 Day Change Pass 

Precipitation Total [0, +∞ [ 5% Change Pass 

Heavy Rain [0, +∞ [ 5% Change Pass 

Very Heavy Rain [0, +∞ [ 5% Change 18% 

Maximum 1 Day Rain [0, +∞ [ 5% Change CODE 

Maximum 5 Days Rain [0, +∞ [ 5% Change CODE 

Simple Daily Intensity Index [0, +∞ [ 5% Change 14% 

Dry to Dry Transition [0, 1] 5% Change 19% 

Dry to Wet Transition [0, 1] 5% Change 6% 

Wet to Dry Transition [0, 1] 5% Change 10% 

Wet to Wet Transition [0, 1] 5% Change 10% 
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6. Conclusions 

6.1 Contributions of this Study 

The analysis of the historical spatial and temporal characteristics of precipitation are of 

vital importance to civil engineers, hydrologists, water resource managers, climate 

scientists, and related stakeholders. Historical and projected rainfall estimates are integral 

parameters in the design of infrastructure subjected to stormwater run-off and its 

management such as transportation systems, storm sewers, retention-detention ponds, and 

flood canals.  

A common data source for such analyses includes networks of rain gauges scattered 

throughout a region of interest. As rain gauges are subject to random and systematic 

errors, scientists developed various methods to estimate missing precipitation data and fill 

in the gaps. Numerous rain gauge data focused methods have been proposed for the 

infilling of missing historical precipitation data. Interpolation methods fall into wide 

groups such as temporal interpolation, distance-based weighting methods, non-linear 

deterministic methods, regression and time series models, and stochastic variance 

dependent methods. With such infilling, estimation errors are to be minimized and 

essential site and regional statistics are to be preserved. Most interpolation methods focus 

on minimizing estimation errors without being evaluated with regards to the maintenance 

of site statistics and gauge-to-gauge regional statistics.
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In this study, essential site and regional statistics of interest for preservation have been 

identified. Optimal weighting interpolation method has been evaluated for the 

preservation of these identified site and regional statistics at different missing data 

percentages. For the case study region, a threshold percentage of missing data has been 

established at 5% based on the results from this study. Any higher percentage of missing 

data in a given data set will not be infilled with preservation of original site and regional 

characteristics. 

6.2 Limitations of this Study and Recommendation for Future Research 

Application of the methodology presented in this study to other case study regions 

should consider the following limitations and opportunities for further research: 

 Multi-station limitation: Results in this study were achieved by utilizing only a 

single station for any given time interval. The study assumed that observed 

precipitation data is available at all other rain gauges. Interpolation on a multi-

station base for a given time interval may be of great utility in interpolation 

scenarios. 

 Optimized Weighting Interpolation Method: In this study, an Optimal Weighting 

Method (OWM) was used for all of interpolation variants to assign weights to 

neighboring stations. The search of optimal weights is initiated at a randomly 

defined point and variables are modified within specified constraints that minimize 

errors until the solver hits a local or global optimum solution. OWM is considered 

robust in optimizing relatively simple non-linear problems; however, it is possible 

for the solver to become “trapped” in a local optimum solution. To overcome this 

limitation, the use of genetic algorithm solvers may be investigated as such 
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algorithms, if properly initialized, are known to converge at global optimum 

solutions. Also, in this study, global interpolation techniques were utilized, that is, 

all neighboring rain gauges were involved in estimation of a missing precipitation 

entry at a base station.  

 Time-scale experiments: OWM interpolation method have only been utilized in 

infilling at the daily time scale. Suitability of interpolation techniques in this study 

for infilling at coarser and finer time scales is open to investigation. 

 Climate diversity: OWM interpolation in this study have only been evaluated for a 

mild climate region; the state of Kentucky, USA. Suitability of OWM 

interpolation technique in this study for infilling at other climate regions is 

recommended for future research. 
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