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Abstract 5 

We present a web application named Let-It-Rain that is able to generate a 1-hour temporal resolution 6 

synthetic rainfall time series using the Modified Bartlett-Lewis Rectangular Pulse (MBLRP) model, a type 7 

of Poisson stochastic rainfall generator. Let-It-Rain, which can be accessed through the web address 8 

http://www.LetItRain.info, adopts a web-based framework combining ArcGIS Server from server side for 9 

parameter value dissemination and JavaScript from client side to implement the MBLRP model. This 10 

enables any desktop and mobile end users with internet access and web browser to obtain the synthetic 11 

rainfall time series at any given location at which the parameter regionalization work has been completed 12 

(currently the contiguous United States and Republic of Korea) with only a few mouse clicks. Let-It-Rain 13 

shows satisfactory performance in its ability to reproduce observed rainfall mean, variance, auto-correlation, 14 

and probability of zero rainfall at hourly through daily accumulation levels. It also shows a reasonably good 15 

performance in reproducing watershed runoff depth and peak flow. We expect that Let-It-Rain can stimulate 16 

the uncertainty analysis of hydrologic variables across the world. 17 
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1. Introduction  29 

The importance of rainfall data in the development of water resources planning and the subsequent 30 

well-being of human society cannot be overemphasized. The knowledge on hydrologic variability inferred 31 

from rainfall data is the fundamental basis of the design and operation of most hydraulic facilities such as 32 

dams, reservoirs, and bridge piers. It also provides the crucial information to develop water resources 33 

planning against natural disasters such as floods, droughts, and landslides. However, very often such rainfall 34 

data is not available because of the lack of a rainfall gage at the study location or the malfunction of existing 35 

rain gages. One way to resolve the issues associated with the lack of rainfall data is to use stochastic rainfall 36 

generators which can generate synthetic rainfall data that resembles the observed rainfall data. (Cowden et 37 

al., 2008; Kigobe et al. 2011; Hanaish et al., 2013) Another advantage of stochastic rainfall generators is 38 

that it provides the hydrologic model with a sufficient length of rainfall data enabling risk assessment 39 

(Blazkov and Beven, 1997, among many) and sensitivity analysis (Tucker and Bras, 2000, among many) 40 

of hydrologic variables based on Monte-Carlo Simulation.  41 

The Poisson cluster rainfall generator (Rodriguez-Iturbe et al., 1987, 1988; Cowpertwait, 1994, 42 

1995, 1998 among many) is one of the most widely used types of stochastic rainfall generator mainly 43 

because it is capable of reproducing not only the basic statistical properties of the observed rainfall at the 44 

practical range of temporal resolution (e.g. hourly to daily) but also the other fundamental features of 45 

continuous rainfall such as the clustering and the presence of dry periods (Olsson and Burlando, 2002). The 46 

capability of the Poisson cluster rainfall models in reproducing observed rainfall statistics has been 47 

validated at various geographical locations across the world with various rainfall characteristics (Onof and 48 

Wheater, 1993; Glasby et al., 1995; Cowpertwait et al., 1996a; Khaliq and Cunnane, 1996; Kim et al., 2013a, 49 

b, c, 2014). For this reason, they have widely been applied to risk assessment studies associated with 50 

hydrologic phenomena such as floods (Wheater et al., 2005; Camici et al., 2011), droughts (Chun et al., 51 

2013), and sediment yields (Bathurst et al., 2005) as well as to the development of future weather scenarios 52 

due to climate change (Onof and Arnbjerg-Nielsen, 2009; Burton et al., 2010; Fatichi et al., 2011) 53 
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While the performance of the Poisson cluster models and their applicability in hydrologic modeling 54 

studies have been well validated, as previously mentioned, the complexity of model parameter estimation 55 

has created a major hindrance to the practical application of the model (Onof et al., 2000). The Poisson 56 

cluster rainfall model requires five to nine parameters to generate the synthetic rainfall data, depending on 57 

the precision of the conceptualization of the temporal rainfall process and of its extension to space and time. 58 

These model parameters are determined so that the hydrologically important rainfall statistics of the 59 

synthetically generated rainfall data resemble those of the observed rainfall data for a range of temporal 60 

accumulations. In this calibration process, the parameter sets that minimize the discrepancy of the statistics 61 

between the observed and synthetically generated rainfall data in the five-nine dimensional parameter space 62 

are identified using an optimization algorithm. Here, the use of a heuristic optimization algorithm is 63 

recommended because the surface of the objective function in the five-nine dimensional parameter space 64 

has an extremely irregular shape with multiple modes (Cho et al., 2011) due to the complexity of the 65 

mathematical equations representing the rainfall statistics of the synthetically generated rainfall data 66 

(Rodriguez-Iturbe et al., 1987; Cowpertwait et al. 1995). Here, the use of a heuristic optimization algorithm 67 

requires not only the knowledge of this optimization tool, but also some experience in using it for this type 68 

of model, which creates a barrier to the widespread use of Poisson cluster rainfall models for hydrological 69 

risk assessment.  70 

This study proposes a web application that enables the easy use of the Poisson cluster rainfall model 71 

by overcoming these difficulties. The tool is named “Let-It-Rain.” Compared to the pre-existing and well 72 

known software tool for Poisson cluster rainfall generation (Burton et al., 2008), Let-It-Rain has the 73 

following major advantages: (1) Let-It-Rain is a web-based application, so any end users with internet 74 

access and an internet browser can easily access the tool and generate synthetic rainfall time series; (2) the 75 

tool uses predetermined model parameter values read from the parameter maps developed for the United 76 

States through the regionalization analysis (Kim et al., 2013a, b, c), so it can generate the rainfall time series 77 

at any ungaged spatial location within this spatial boundary; (3) the application is capable of generating a 78 

different type of rainfall time series for different hydrologic application (e.g. flood modeling, runoff 79 
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modeling). In the meantime, the tool is designed only for generating time series, so it is not capable of 80 

generating space-time rainfall field compared to the software tool of Burton et al. (2008). The web address 81 

to access the application is “http://www.LetItRain.info.” 82 

In addition, this study validates the applicability of Let-It-Rain in watershed modeling for the 83 

simulation of runoff volume and flood discharge and suggests correction coefficients which can be applied 84 

to correct the result of the watershed modeling which uses the synthetic rainfall time series generated by 85 

Let-It-Rain. To achieve this purpose, hydrologic modeling was performed for watersheds with various 86 

characteristics using both the observed and synthetic rainfall time series. Then, the ratio of the peak flow 87 

values based on observed rainfall time series to those based on the synthetic rainfall time series is expressed 88 

in terms of the watershed characteristics such as watershed area, lag time, and imperviousness. The result 89 

of this analysis is especially meaningful in that it quantitatively assessed the amount of the systematic bias 90 

being induced when applying the Poisson cluster rainfall generator when modeling the two most widely 91 

investigated watershed response variables for water resources management. For example, Poisson cluster 92 

rainfall models coupled with results of Global Circulation Models (GCMs) have been vastly used to 93 

estimate the implication of climate change on flood magnitude (Calver et al., 2009; Birkinhaw et al., 2011; 94 

Zhou et al., 2011; Kay and Jones, 2012; Fatichi et al., 2013 among many) and other environmental variables 95 

which are mainly driven by stream runoff (Birkinshaw et al., 2011; Visser et al., 2012; Fatichi et al., 2013), 96 

but none of these studies exclusively addresses how the synthetic rainfall data used for the analysis 97 

influences the accuracy of the study results in a quantitative manner. 98 

 This article is organized as follows: Section 2 explains the structure of the web application; Section 99 

3 explains the Modified Bartlett-Lewis Rectangular Pulse (MBLRP) model and the methodology that was 100 

used to regionalize the parameters of the MBLRP model. Section 4 explains the methodology that was used 101 

to validate the web application in modeling watershed runoff and flood. This section also explains how the 102 

coefficient to correct the flood and runoff modeling result is derived; Section 5 explains the result of the 103 

validation effort; Section 6 discusses the results; and Section 7 concludes this study. 104 

  105 
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2. Structure of the Web Application  106 

This study adopted a web-based approach for stochastic rainfall generation to enhance accessibility 107 

and usability of the application (Chen et al., 2014; Wang et al., 2015; Tan et al., 2015). Figure 1 shows the 108 

overall architecture of Let-It-Rain. Let-It-Rain consists of three tiers: 1. web server, 2. ArcGIS server, and 109 

3. web client. The web server hosts the web client code including HTML and JavaScript files. MBLRP 110 

parameter maps generated by ISPSO sit on the ArcGIS server. Once the web client code is transferred to 111 

the user computer, the web client consumes the ArcGIS service.  112 

 113 

Figure 1. Overall architecture of Let-It-Rain. 114 

The ArcGIS server implements and provides a representational state transfer (REST) service that 115 

provides 6 MBLRP parameter maps for each month and for three different application uses (that is, for 116 

flood modeling, runoff modeling, and for other general uses) totaling 216 raster maps. The client code runs 117 

this service from the user computer. The client code uses the ArcGIS application programming interface 118 

(API) for JavaScript to obtain MBLRP parameters from the ArcGIS server and Dojo widgets to build the 119 

user interface. We use JavaScript to implement the MBLRP logic in the client code and base64 encoding 120 
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to embed simulation results on the fly in the web browser. Since the load of MBLRP modeling is put on 121 

the user side, the ArcGIS and web servers can handle more user requests and improve the overall modeling 122 

performance and user experience. Also, since the client code is interpreted purely by a web browser, the 123 

web server does not require special server capabilities or server-side languages. This architecture reduces 124 

communication between servers and clients, and makes it possible to create a light-weight client. The web 125 

browser’s support for the data Uniform Resource Identifier (URI) scheme is required to generate and make 126 

available output files for download. 127 

Figure 2 shows the web application with simulation results. The application has the simulation and 128 

parameter maps tabs. In the simulation tab, the user has to first select the start and end months, and the 129 

number of simulation. For example, if the end user puts 100 in the “number of simulation” text box, with 130 

specifying the Starting Month as May and the Ending Month as September, the application will repeat the 131 

generation of the hourly rainfall time series of which starting day is May the 1st and the ending day is the 132 

September the 30th for one hundred times. One can then enter the exact coordinates of a simulation location 133 

directly in the latitude and longitude text boxes and click the generate button. Another way is to zoom into 134 

an area and click the location on the map. The application will populate the coordinate text boxes and 135 

generate simulation results. The precipitation time series for the first simulation will be shown in the bottom 136 

area. Above the precipitation plot, params.csv and pcps.csv links are provided along with the simulation 137 

coordinates. The params.csv file contains six MBLRP parameters for the simulated months for the location 138 

and the pcps.csv file contains the simulation results. Excluding the header, pcps.csv has a matrix of the 139 

number of hours by the number of simulations. The application assumes that February has 28 days. The 140 

MBLRP model is a stochastic rainfall model which does not aim to forecast the rainfall of a specific future 141 

period but aims to generate all possible rainfall scenarios. For this reason, each realization of the generated 142 

rainfall, which is provided as the numerical values in each of the columns of the pcps.csv file can be very 143 

different even though their long-term statistics points to the same value. For the same reason, even for the 144 

same location, multiple runs generate different pcps.csv files while they create the same params.csv file. In 145 

the parameter maps tab, the user can overlay one of the six MBLRP parameter maps for a selected month 146 
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on the map. 147 

148 

Figure 2. Let-It-Rain running in a web browser 149 

 150 

We tested the application on different modern browsers that understand JavaScript and are known 151 
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to support the data URI scheme. Tested web browsers include Internet Explorer 8, Internet Explorer 11, 152 

Chrome 36, Firefox 15, Chrome 36 for Android, and Firefox 31 for Android. Internet Explorer was able to 153 

generate the precipitation plot and output files, but did not support downloading them because its support 154 

for the data URI scheme is limited only to images in certain HTML elements 155 

(http://msdn.microsoft.com/en-us/library/cc848897%28v=vs.85%29.aspx). The application was fully 156 

functional with the other web browsers. Since the application is supported in an Android environment, 157 

smartphone or tablet users can easily simulate synthetic precipitation and download results on their mobile 158 

device outside their office. 159 

Modeling results of the application can be applied to diverse fields of research as shown in Figure 160 

3, including ecosystem modeling, flood modeling, drought modeling, pesticide fate modeling, and 161 

sedimentation modeling. 162 
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 163 

Figure 3. Diverse application of the Let-It-Rain web application. 164 

 165 

  166 
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3. Model Description 167 

3.1. Modified Bartlett Lewis Rectangular Pulse (MBLRP) Model 168 

Let-It-Rain generates the synthetic rainfall time series using the MBLRP model (Rodriguez-Iturbe 169 

et al., 1988). Figure 4 shows a schematic of the MBLRP model. The model assumes that a series of rain 170 

storms (red circles) including a series of rain cells (white circles) arrives in time according to a Poisson 171 

process. Kim et al. (2013a) summarized the MBLRP model structure as follow:  172 

"In the MBLRP model, X1 [T] is a random variable that represents the storm arrival time, which is 173 

governed by a Poisson process with parameter λ [1/T]; X2 [T] is a random variable that represents the 174 

duration of storm activity (i.e., the time window after the beginning of the storm within which rain cells 175 

can arrive), which varies according to an exponential distribution with parameter γ [1/T]; X3 [T] is a random 176 

variable that represents the rain cell arrival time within the duration of storm activity, which is governed by 177 

a Poisson process with parameter β [1/T]; X4 [T] is a random variable that represents the duration of the 178 

rain cells. The distribution of the rain cell durations are known to have a long-tailed distribution (Rodriguez-179 

Iturbe et. al., 1987), which was assumed to vary according to an exponential distribution with parameter η 180 

[1/T] that, in turn, is a random variable represented by a gamma distribution with parameters ν [T] and α 181 

[dimensionless]; and X5 [L/T] is a random variable that represents the rain cell intensity, which varies 182 

according to an exponential distribution with parameter μ [L/T]. From the physical viewpoint, λ is the 183 

expected number of storms that arrive in a given period, 1/γ is the expected duration of storm activity, β is 184 

the expected number of rain cells that arrive within the duration of storm activity, 1/η is the expected 185 

duration of rain cells and μ is the average rain cell intensity. Parameters ν and α do not have a clear physical 186 

meaning, but the expected value and variance of η can be expressed as α/ν and α/ν2. Therefore, the model 187 

has six parameters: λ, γ, β, ν, α and μ; however, it is customary to use the dimensionless ratios φ = γ/η and 188 

κ = β/η as parameters instead of γ and β.” 189 

Table 1 summarizes the model parameters, the physical meanings, and the probability density 190 

functions based on which the random variables are drawn. 191 

 192 
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 193 

Figure 4. Schematic of the Modified Bartlett-Lewis Rectangular Pulse Model 194 

 195 

Table 1. Description of the parameters of the MBLRP model. 196 

Parameter 

(Unit 

Dimension) 

Physical Meaning Probability Density Function (PDF) based on which 

random variables are drawn. 

𝜆 [1/T] Expected arrival rate of rain 

storm 
Distribution of 𝑁𝑆(𝑡) (number of storms up to time t) 

𝑃[𝑁𝑆(𝑡 + 𝜏) − 𝑁𝑆(𝑡)] =
𝑒−𝜆𝜏(𝜆𝜏)𝑘

𝑘!
, k=0,1,2,… 

 

where k is the number of rain storm occurrences in 

time interval (t, t + τ ]. 

𝜐 [T] For each storm  a quantity 

𝜂[1/T] is drawn from a 

Gamma distribution with scale 

parameter  1/𝜐 [1/T] and 

shape parameter 𝛼 [-].This 

will be used to define two 

physically relevant storm 

characteristics 

Distribution of storm characteristic 𝜂 
1 xx e

f (x)
( )

  


 
 for x>0 𝛼 [-] 

𝜇 [LT-1] 𝜇 is the expected rain cell 

intensity 

Distribution of cell intensity 
x

e
f (x)







 , for x > 0 

𝜑 [-] This is a scaling factor: 

1/(𝜑𝜂) is the expected 

duration of storm activity 

Distribution of storm activity duration 

𝑓(𝑥) =
1

𝜑𝜂
𝑒−𝑥/𝜑𝜂 

 for x > 0 

𝜅 [-] 
 

 

 

 

This is a scaling factor:  

𝜅𝜂  is the rate of arrival of 

cells in storms 
 

 

 

Distribution of 𝑁𝐶(𝑡) (number of cells for a given 

storm up to time t) 

𝑃[𝑁𝐶(𝑡 + 𝜏) − 𝑁𝐶(𝑡)] =
𝑒−𝜅𝜂𝜏(𝜅𝜂𝜏)𝑘

𝑘!
, k=0,1,2,… 

 

where k is the number of rain cell occurrences from a 

given storm during time interval (t, t + τ ]. 

 197 

The model parameters are estimated such that the rainfall statistics of the synthetically generated 198 

rainfall time series resemble those of the observed rainfall time series. Here, the reference statistics used 199 
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for the parameter estimation are the mean, variance, autocorrelation, and probability of zero rainfall. 200 

Rodriguez-Iturbe et al. (1988) analytically derived the equations expressing these rainfall statistics in terms 201 

of the six model parameters as follow: 202 

(T)

t cE[Y ] = T
1


  

 
 (1) 203 

2- 3-
(T) 2 2

t 1 1 2

3- 3-2
1 2

k k2 v T 2 v
Var[Y ] = k k

2 ( 2)( 3)

k2
+ k (T+ ) ( T+ )

( 2)( 3)

 

 

   
     

          

 
    

     

 (2) 204 

 

 

(T) (T) 3 3 31
t t+s

3 3 32

2

k
Cov[Y ,Y ] = [T (s 1) ] [T (s 1) ] 2(T s )

( 2)( 3)

k
2( T s ) [ T (s 1) ] [ T (s 1) ]

( 2)( 3)

  

  

         
   

             
    

 (3) 205 

2 2 2
2

1
2

2

1
P(zero rainfall) =  exp T 1+ ( + ) ( + )( +4 )

( 1) 4

( + )(4 +27 +72 ) 3
+ + 1

72 ( 1)( 4 ) 2 2

3
1

( 1)( ) ( ) T 2 2



   
              

           
       

      

       
          

             

 (4) 206 

 207 

,where 208 

2
2 c

1 c 2
k = 2 +

1 1

       
    

     
 209 

2

c
2 2

k =
1 1

       
  

     
 210 

c = 1+





 211 

 212 

s is the lag time in number of accumulation intervals, and Yt(T) is the rainfall time series at an 213 

accumulation interval T. 214 

Typically, the six model parameters ( , , , , ,       ) minimizing the value of Equation 1 are 215 

considered to be the optimal parameter sets for the given observed rainfall statistics. 216 
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2
n

k
k

k=1 k

F ( , , , , , )
OF w 1

f

      
  

 


                                                           (1) 217 

 218 

where n is the number of statistics being matched, Fk is the kth statistic of the simulated rainfall time series, 219 

fk is the kth statistic of the observed rainfall time series, and wk is the weighting factor given to each rainfall 220 

statistic depending on the use of the synthetic rainfall time series (Kim and Olivera, 2012). 221 

 222 

3.2. Parameter Regionalization 223 

Let-It-Rain generates the synthetic rainfall time series based on the parameters read from the 224 

predetermined parameter maps. This capability of Let-It-Rain lets the end user generate the synthetic 225 

rainfall time series at any given ungaged location in the United States without having to calibrate the 226 

parameter values based on the observed rainfall data. This section describes how the parameter maps were 227 

produced. Figure 5 shows the flow chart describing the process of the parameter map generation. Firstly, 228 

the hourly rainfall records across the continental United States were obtained at 3263 rain gages operated 229 

by the National Climate Data Center (NCDC) of the United States. Then, only the rain gages containing a 230 

record length longer than 30 years were selected for further processing such that the calculated rainfall 231 

statistics represent the rainfall characteristics at the gage location well. The number of the rain gages 232 

meeting this criterion is 2554. The latest rainfall record ends in the year 2012. Figure 6 shows the locations 233 

of all NCDC rain gage locations used for this study. 234 

 235 
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 236 

Figure 5. Flow chart showing the processes of the MBLRP model parameter map generation 237 

As Equation 1 suggests, rainfall statistics should be calculated to estimate the parameters of the 238 

MBLRP model. For this reason, the mean, variance, lag-1 autocorrelation, and the probability of zero 239 
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rainfall at the 1-, 3-, 12-, and 24-hourly accumulation level of the observed rainfall time series were 240 

calculated for the 2554 selected gages. To account for the seasonal variation of the rainfall characteristics, 241 

these 16 statistics were calculated for each of the 12 calendar months. These 12 set (one for each calendar 242 

month) of 16 statistics (4 statistics x 4 accumulation level) are fk in Equation 1, which were used for the 243 

parameter estimation of the MBLRP model. 244 

 245 

 246 

Figure 6. Locations of the 2554 NCDC rain gages (circles) with the record length greater than 30 247 

years that were used for the parameter regionalization and the 143 gages (stars) used for parameter 248 

map validation. 249 

After the rainfall statistics were calculated for each of the rain gages, the isolated-speciation based 250 

particle swarm optimization algorithm (ISPSO, Cho et al., 2011) was used to estimate the parameters of the 251 

MBLRP model. The six parameters were estimated for each of the gages and for each of the calendar 252 
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months to account for the seasonality of the rainfall characteristics. In addition, this study employed two 253 

different sets of weighting factors (wk in Equation 1) for the parameter estimations. Kim et al. (2012) 254 

analyzed the sensitivity of the watershed responses such as runoff and peak flow to each of the observed 255 

rainfall statistics. Based on this result, they suggested that the different set of weighting factors should be 256 

used depending on the different purpose of the hydrologic model. More specifically, they suggested that 257 

the rainfall mean should be weighted more compared to the remaining three rainfall statistics (variance, 258 

autocorrelation, and probability of zero rainfall) when the hydrologic model aims to simulate the runoff 259 

volume, and the rainfall mean and variance should be weighted more than autocorrelation and probability 260 

of zero rainfall when the primary purpose of hydrologic modeling is to simulate flood discharge. This study 261 

estimated three different sets of parameters for each of the gages depending on the primary purpose of 262 

hydrologic model which uses the synthetic rainfall time series as its input. Table 2 shows the three different 263 

sets of weighting factors used in this study to estimate the parameters of the MBLRP model depending on 264 

different purpose of the watershed modeling. 265 

 266 

Table 2. Three different sets of weighting factors applied to each rainfall statistic in the MBLRP 267 

model parameter calibration depending on the purpose of the watershed modeling 268 

 Runoff Modeling Flood Modeling 
Equal Weight  

(For all other simulations) 

Mean 0.55 0.40 0.25 

Variance 0.25 0.40 0.25 

Autocorrelation 

Coefficients 
0.1 0.15 0.25 

Probability of zero rainfall 0.1 0.05 0.25 

Sum of Weighting Factors 1 1 1 

 269 

The multi-modality of the objective function (Equation 1) in the 6-dimensional parameter space 270 

during the MBLRP model parameter calibration process (Kim et al., 2013) can cause problems in the 271 

regionalization of the parameters. In other words, the MBLRP model can explain the similar rainfall 272 

characteristics observed at two nearby rain gages with the combination of completely different parameter 273 
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sets. For example, one rain cell with a long duration can also be expressed with many rain cells with short 274 

duration in MBLRP model. In this case, the parameter values related to the number of the rain cells and the 275 

rain cell duration at ungaged locations between these two gages cannot be obtained simply by spatially 276 

interpolating the parameters. This study resolved this problem by using the repetitive cross-validation 277 

process to narrow down the parameter space within which the ISPSO algorithm is allowed to estimate the 278 

parameters. Figure 7 illustrates this repetitive cross-validation process. In this process, the parameters at 279 

each gage location are estimated by spatially interpolating the parameters estimated at the nearby gages 280 

assuming that there is no estimated parameter set at the gage location. We call this parameter value as the 281 

"cross-validated" parameter. This process is repeated for all gages, and the maximum and minimum of the 282 

cross-validated parameters is set as the upper and lower boundary of the parameter space in the next round 283 

of the optimization. This entire process is repeated again until the parameter range is not narrowed down 284 

through the cross-validation. This study obtained the final boundary of the parameter space after 3 to 4 285 

cross-validations depending on the different calendar months and the type of parameter maps being 286 

investigated. 287 

After the parameters had been estimated based on the final parameter space, the outliers were 288 

removed using the generalized extreme Studentized deviate test (Rosner, 1983). The significance level of 289 

5% was used as the criterion of outlier removal. As a result of the outlier removal, approximately 10 % of 290 

the estimated parameter sets were identified as outliers, which was excluded in the spatial interpolation to 291 

produce the parameter map. The ordinary Kriging spatial interpolation technique was used to generate the 292 

final parameter maps provided by Let-It-Rain. The spherical shape of the model variogram was used, and 293 

the parameters of the model variogram were estimated such that the sum of the square residual between the 294 

sample variogram and the model variogram is minimized. As a result of the parameter regionalization 295 

process, total of 216 parameter maps were produced (6 parameters x 12 months x 3 different parameter sets 296 

– Table 2). 297 

 298 

 299 
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 300 
Figure 7. Repetitive cross-validation process that this study used to exclude the parameters 301 

estimated at a different parameter space compared to the nearby gages. 302 
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3.3. Parameter map validation 303 

Considering that the parameter maps introduced by this study enable the rainfall generation at 304 

ungaged locations and that the similarity between the two time series can be determined by similarity of 305 

their statistics, it is important that the statistics of the synthetic rainfall time series at the ungaged locations 306 

generated by Let-It-Rain resemble those of the observations. The following procedures were used to check 307 

the validity of the parameter values read from the parameter maps in their ability to reproduce the rainfall 308 

statistics at ungaged locations: 309 

1. Pick a gage location, assume that there is no parameter set estimated at the location, and obtain the 310 

parameter set by spatially interpolating the parameter values at the nearby gages. Here, the parameters 311 

used for the interpolation are based on equal weight of the each rainfall statistics. (Column 3 of Table 312 

2) 313 

2. Generate 1000 years of the synthetic rainfall time series at a chosen gage location using the spatially 314 

interpolated parameter values obtained from Step 1. 315 

3. Calculate the mean, variance, lag-1 autocorrelation, and probability of zero rainfall of the synthetic 316 

rainfall time series obtained from Step 2. 317 

4. Compare the rainfall statistics calculated at Step 3 with the statistics of the observed rainfall time series 318 

at the same gage location. 319 

5. Develop the scatter plot comparing the statistics of the observed and synthetic rainfall by repeating Step 320 

1 through Step 4 for the 2554 rainfall gages (circle markers in Figure 6). 321 

 322 

3.4. Application to Watershed Modeling  323 

From the watershed modeling viewpoint, how well the synthetic rainfall time series reproduces the 324 

observed rainfall statistics is an indirect standard to measure the performance of the model. Instead, how 325 

closely the watershed model which uses the synthetically generated rainfall time series can reproduce the 326 

observed watershed response variable is a more direct standard. This study applied the synthetically 327 

generated rainfall time series to the watershed models with various characteristics and compared the output 328 
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to the ones obtained by applying the observed rainfall time series to the same watershed model. Figure 8 329 

shows the schematic of this validation approach. This study repeated this validation process shown in Figure 330 

8 for all 143 gages marked as star in Figure 6. 331 

The following procedures were used to validate the applicability of Let-It-Rain in watershed flood 332 

modeling. 333 

1. Pick a gage location, assume that there is no data and no parameter set estimated at the location, and 334 

obtain the parameter set by spatially interpolating the parameter values at the nearby gages.  335 

2. Generate 100 years of the synthetic rainfall time series at a chosen gage location using the spatially 336 

interpolated parameter values obtained from Step 1.  337 

3. Perform the watershed model transformation using the synthetic rainfall time series as its input and 338 

obtain the hydrograph at the watershed outlet. Here, the same watershed model was used as the one 339 

described in Step 3 of Section 3.4.1 (NRCS curve number method for runoff generation and the NRCS 340 

curvilinear unit hydrograph method for flow routing) 341 

4. Repeat the watershed modeling using the various watershed characteristics shown in Table 3. As a result, 342 

the watershed simulation is repeated for 3 (watershed sizes) x 6 (curve numbers) x 5 (lag times) = 90 343 

times for one gage location. Here, the curve number represents the overall imperviousness of the 344 

watershed typically varying between 50 (extremely pervious land cover) and 98 (extremely impervious 345 

land cover) in natural environment, and it is used to partition the rainfall into direct runoff and 346 

infiltration. The lag time means the time period between the centroid of rainfall time series and the 347 

centroid of the peak of the hydrograph, and it is used as a parameter of the NRCS unit hydrograph 348 

method converting the effective rainfall into flow hydrograph. 349 
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 350 

Figure 8. The approach that this study used to validate the applicability of the Let-It-Rain for 351 

hydrologic modeling to estimate watershed runoff and flood. 352 
 353 
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Table 3. The parameters of the watershed model applied in this study 354 

Parameters Values applied in watershed modeling 

Watershed 

Sizes (km2) 
5km2 10km2 15km2 

Lag Time 

(hr) 
0.8 1.1 1.5 1.8 2.1 1.2 1.7 2.2 2.7 3.2 1.6 2.2 2.8 3.5 4.1 

CN0 70, 75, 80, 85, 90, 95 

 355 

5. Perform the frequency analysis on the yearly peak flow based on the synthetic rainfall time series and 356 

obtain the design flood discharge values with 200-, 100-, 50-, 30-, 10-years of recurrence interval. Then, 357 

compare these values to the design flood discharge values obtained by applying the observed rainfall 358 

to the same watershed model 359 

6. Repeat Step 1 through Step 5 for the 143 validation rain gages shown in Figure 6 (star markers). 360 

7. For a given combination of the watershed parameters and flood recurrence interval (e.g. watershed size 361 

of 5 km2, CN0 of 85, lag time of 1.8 hours, and 100 year flood), develop a scatter plot comparing the 362 

flood values estimated for all 143 gages based on the observed rainfall time series (x) and the ones 363 

based on the synthetic rainfall time series. Then, determine the best-fit regression line passing through 364 

the origin. We define the slope of this regression line as SL-FLOOD. Here, the SL-FLOOD value close 365 

to 1 can be considered an indicator of the good performance of the model in reproducing flood discharge 366 

value for a given watershed characteristics and a flood recurrence interval. In addition, we define the 367 

R2 value of the regression as R2-FLOOD, which is the measure of the consistency of the performance 368 

of the model in reproducing flood. 369 

8. Repeat Step 7 for all combinations of the watershed characteristics and the flood recurrence intervals 370 

considered in this study (200-, 100-, 50-, 30-, 10-year). Then, develop contour plots of SL-FLOOD and 371 

R2-FLOOD varying with watershed lag time and curve number. Repeat this process for a given 372 

combination of a watershed size and a flood recurrence interval.  373 

  374 
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4. Result 375 

4.1. Parameter Maps 376 

Figure 9 shows the parameter maps of the contiguous United States for the month of August. Two 377 

different sets of parameter maps are shown. The maps on the left column reflect the weight factors 378 

appropriate for modeling runoff (1st column of Table 3), and the maps on the right column reflect the weight 379 

factors appropriate for modeling flood (2nd column of Table 3). These parameter maps can be seen in the 380 

“Parameter Map” tab of Let-It-Rain. For both cases, the maps of the parameter λ and μ which represent the 381 

rain storm arrival rate and the average rain depth per rain cell show clear regional tendency while the maps 382 

of the remaining 4 parameters shows weaker regional tendencies. The strength of regional tendency of 383 

different parameters is because the each parameter has different sensitivity to different rainfall statistics 384 

(Islam, 1990). The four parameters whose regional tendency is weak () are more sensitive to rainfall 385 

auto-correlation which has weaker regional tendency compared to rainfall mean, variance, and probability 386 

of zero rainfall. 387 

It is interesting that the parameter maps related to the intra-storm structures () significantly 388 

differ with each other depending on the purpose of the synthetic rainfall, which is also because of the 389 

different sensitivity of the MBLRP model parameters to different rainfall statistics. This conversely means 390 

that the watershed response is sensitive to the intra-storm structure, so these parameters should be carefully 391 

chosen depending on the usage of the synthetically generated rainfall. 392 

 393 

  394 
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 395 

Figure 9. Parameter maps of the MBLRP model for the month of August optimized for 396 

watershed flood (left column) and runoff (right column) modeling. 397 
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4.2. Validation of the Parameter Maps in Reproducing Rainfall Statistics 398 

 Figure 10 shows the comparison between the statistics of the synthetic rainfall time series generated 399 

based on the cross-validated parameters (that is, the parameters estimated at a gage location by spatially 400 

interpolating the parameters of the nearby gages with an assumption that data and parameters does not exist 401 

at the gage location) and those of the observed rainfall time series. For each plot, the linear regression line 402 

with the least square residual and the lines representing 95% prediction intervals are shown along the scatter 403 

of data points. The upper and the lower boundary of the 95% prediction interval lines were estimated based 404 

on the Equation 2 and can be considered as the range between which the statistics of the synthetically 405 

generated rainfall time series with 95% probability. 406 

 407 

𝑌𝑛̅̅ ̅ ± 𝑇𝑎𝑠𝑦√1+
1

𝑛
+

(𝑥∗ − �̅�)2

(𝑛 − 1)𝑠𝑥
2
 (2) 

, where 𝑌𝑛̅̅ ̅ is the mean of the y values in the scatter plot; n is the number of data points in the scatter plot; 408 

𝑇𝑎 is the student-t value with n-1 degree of freedom with the 2.5% of significance level; 𝑠𝑥 and 𝑠𝑦 is the 409 

sample standard deviation of the 𝑥 and 𝑦 values in the scatter plot, respectively; �̅� is the mean of the 𝑥 410 

values in the scatter plot; 𝑥∗is the x coordinate at which the confidence interval is estimated. 411 

 412 

The fit between the two variables can be a good indicator on how good the model is in reproducing the 413 

observed rainfall statistics at the ungaged locations. Even though the analysis was performed for the 414 

temporal accumulation level of 1-, 3-, 12-, and 24- hours and all 12 calendar months, the result based on 415 

the hourly accumulation level for the month of January (1st row), April (2nd row), July (3rd row), and October 416 

(4th row) are only shown here. The comparison was performed for all 12 calendar months and also for the 417 

3-hourly, 12-hourly, and 24-hourly accumulation level of the rainfall time series. The result of this 418 

comparison was not provided in this article, but it can be accessed from the following web address: 419 

http://116.122.48.188/StatsValidation.docx. 420 
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 421 

For all calendar months and for all temporal accumulation levels, the mean and standard deviation 422 

of the rainfall were accurately reproduced by Let-It-Rain. The fit for the autocorrelation coefficient and the 423 

probability of zero rainfall had greater residual compared to that of mean and variance. This result is 424 

primarily because of the simplicity of the MBLRP model which conceptualizes the complex rainfall process 425 

using only a small number of statistical distributions. There can be a variety of different mechanisms of 426 

rainfall generation in reality (e.g. convective, frontal, and orographic) even at the same geographical area 427 

and during the same calendar months, but this variability is simplified in the model using only six 428 

parameters. Particularly, the autocorrelation coefficient and the probability of zero rainfall are closely 429 

related to the internal structure (that is, intermittency and temporal shape) of the rainfall time series, thus 430 

the adverse impact of the model simplification on these two variables can be greater than the one on the 431 

rainfall mean and variance. However, the fact that the rainfall mean and variance are well reproduced by 432 

the model and the fact that the basic watershed response variables such as runoff volume and peak flow are 433 

a lot more sensitive to these two variables than they are to the autocorrelation and probability of zero rainfall 434 

(Kim et al., 2012) indicate the strength of Let-It-Rain in practical application. This will be confirmed in the 435 

next two sections. 436 

 437 

  438 

 439 
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 440 

Figure 10. Comparison of the rainfall statistics of the synthetically generated rainfall time 441 

series (x) and the observed rainfall time series (y). The best-fit regression line and the 95% 442 

prediction intervals (Equation 2) are shown together. 443 

  444 

  445 
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4.3. Applicability to Watershed Runoff Modeling 446 

Figure 11 shows the scatter plots comparing the mean (left column) and the standard deviation 447 

(right column) of the simulated yearly runoff depths based on the observed (x) and the synthetic rainfall (y) 448 

time series at the 143 validation gages (star markers in Figure 6)  varying with watershed imperviousness. 449 

A circle marker in the plots compares the runoff depth statistics at one rainfall gage. The plots in the top, 450 

middle, and the bottom row shows the result corresponding to the watershed curve number 75, 85, and 95, 451 

respectively. In each plot, the two separate linear regression lines are shown along with their mathematical 452 

expression. The equation in the top-left corner represents the relationship for the first two quartiles of x 453 

values (or when the mean or standard deviation of the yearly runoff depths at a given gage are smaller than 454 

the median of those calculated for all 143 gages), and the equation in the bottom-right corner represents the 455 

relationship for the last two quartiles of x values. It is interesting that the two equations significantly differ 456 

from one another. For all watershed imperviousness, at the low range of runoff mean and standard deviation, 457 

the slopes of the regression line are greater than one. This means that the mean and the standard deviation 458 

of the yearly runoff depths simulated based on the synthetic rainfall are greater than the ones simulated 459 

based on the observed rainfall at this range. The exactly opposite result was derived at the high range of 460 

runoff mean and standard deviation. This means that the runoff and its interannual variability simulated 461 

based on the synthetic rainfall are likely to be lower than the reality. These two results lead to the 462 

generalization that the overall spectrum of the yearly runoff depths that the MBLRP model can reproduce 463 

when used as an input data of watershed model is smaller than their counterparts in reality. (Kim et al., 464 

2013a, b) Considering that the runoff is highly influenced by the intra-storm structure which is the result of 465 

extremely complicated atmospheric processes in reality, this problem seems to also have been derived from 466 

the simplicity of the MBLRP model, which expresses the statistical properties of the intra-storm structure 467 

using only five parameter values. 468 

 469 
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 470 

Figure 11. Comparison of the mean and the standard deviation of the simulated yearly 471 

runoff based on the observed rainfall (x) and the synthetic rainfall (y). 472 

  473 
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4.4. Applicability to Watershed Flood Modeling 474 

 Figure 12 shows the filled contour of SL-FLOOD varying with watershed characteristics. In the 475 

contour plots, darker shading represents lower SL-FLOOD value. The color scale of all contour plots varies 476 

between 0.6 and 1.0. The interval of the contour is 0.02. Considering that the SL-FLOOD value represents 477 

the slope of the regression line relating the design flood value estimated by the synthetic rainfall time series 478 

to the one based on the observed rainfall, the SL-FLOOD values close to the value of one can be regarded 479 

as high accuracy of Let-It-Rain in modeling of flood. For example, the value of 0.8 in a specific contour 480 

plot means that the design flood estimated using the synthetic rainfall time series for the given recurrence 481 

interval and the watershed characteristics is 0.8 times the design flood value based on the observed rainfall 482 

time series. Therefore, the SL-FLOOD values obtained from the contour plots can be used as a correction 483 

factor to correct the result of the watershed flood modeling. 484 

The following major tendencies were identified regarding the pattern of the contour: First, the 485 

values in the contour plots varied between 0.6 and 0.94, which means that the design flood values estimated 486 

by Let-It-Rain tend to be smaller than those based on the observed rainfall. This is mainly because the 487 

MBLRP model has a limited performance in reproducing the extreme rainfall depths. To be more specific, 488 

the MBLRP model uses only six parameters to simulate the rainfall, and expressing the upper tail part of 489 

the probability density function of the annual maximum rainfall time series in detail with these six numbers 490 

is almost impossible. To resolve this issue, several articles proposed an approach to account for the 491 

interannual variability of the rainfall characteristics (Fatichi et al., 2011; Kim et al. 2013a, b, c) Second, the 492 

general shades in the contour plots in the upper rows are darker than those in the lower rows. This means 493 

that the accuracy of the flood amount predicted by using Let-It-Rain will decrease as the magnitude of the 494 

flood being predicted increases. This is also because the six parameters of the MBLRP model are calibrated 495 

such that the statistics of the synthetically generated rainfall time series resemble the basic statistics of the 496 

observed rainfall such as mean, variance, autocorrelation, and probability of zero rainfall, but not the 497 

extreme value statistics. As the recurrence interval of the extreme rainfall and the corresponding extreme 498 

flood increases, the portion among this extreme values that the calibrated parameters can explain decreases. 499 
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However, it is noteworthy that the MBLRP model, regardless of its simplicity, still shows a reasonably 500 

good performance in modeling the floods with recurrence interval up to 30 years with the residual 501 

percentage value no less than 25% if the watershed size is small (e.g. 5km2). Third, the shade becomes 502 

darker into the right direction for each of the contour plots. This means that the accuracy of the model is 503 

relatively good for the watershed with small lag-time (e.g. 0.5 - 1 hours) and becomes worse with the 504 

increase of the watershed lag-time (e.g. 3 – 4 hours). It also means that the performance of the model varies 505 

with the shape of the watershed. Given the same watershed area, the performance of the model is better for 506 

the watershed with the shorter lag time. This is because the impact of the residual rainfall amount reflected 507 

in the flow hydrograph remains longer for the watershed with greater lag time. Fourth, the shade of the 508 

contour plots gets darker for the greater watershed area. This means that the performance of the MBLRP 509 

model to reproduce the flood discharge value decreases with the increase of the watershed size. This is 510 

because the residual rainfall amount between the observed and synthetic rainfall time series reflected in the 511 

flow hydrograph is magnified with the increase of the watershed size. Lastly, the SL-FLOOD value varying 512 

with the watershed permeability shows a very interesting pattern. The shade of the contour plots in the 513 

bottom two rows becomes darker into the downward direction, which means that the performance of the 514 

MBLRP model in reproducing the floods with 10- and 30-year recurrence interval is better for the watershed 515 

with lower permeability (or greater curve number). Then, the opposite trend (increasing performance with 516 

the increase of the watershed permeability) is observed for the case of 100- and 200-year flood. Figure 13 517 

explains the reason for this trend. The responses of the two watersheds with different perviousness to the 518 

same rainfall event are shown. By comparing the two flood hydrographs, it can be noted that the absolute 519 

peak flow difference between the observed and the synthetic hydrograph is greater for the watershed with 520 

greater imperviousness, but the relative difference between the two is greater for the watershed with lower 521 

imperviousness. As the watershed Curve Number decreases (perviousness increases), it is more probable 522 

that the ratio between the two peak flow values can be inflated, which affects the contour values in Figure 523 

12 which represent the relative difference between the peak flow values based on the observed rainfall and 524 

those based on the synthetic rainfall value.  525 
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 526 

 527 

Figure 12.  The contour of the SL-FLOOD value varying with various watershed 528 
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characteristics and the recurrence interval of the flood being modeled.  529 

 530 
Figure 13.  Example of watershed damping effect can change the relative error of peak flow 531 

  532 
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In addition, it is important to note that the SL-FLOOD values represent the slope of the regression 533 

line from which residuals of data points estimated at multiple geographic locations exist. Therefore, the 534 

contour values presented in Figure 12 should not be interpreted as the absolute standard to define the 535 

performance of Let-It-Rain or to correct the watershed modeling result. To quantify the uncertainties 536 

associated with the contour values presented in Figure 14, this study produced the contour plots of the R2 537 

value of the regression analysis (R2-FLOOD) varying with the watershed characteristics and recurrence 538 

interval of the flood being modeled. In this plot, the greater the contour value is, the greater the uncertainty 539 

of the flood value estimated using the Let-It-Rain is. First, the shade of the contour increases as the 540 

recurrence interval of the flood being modeled increases. This means that the uncertainty of the estimated 541 

flood value using Let-It-Rain is greater as the magnitude of the flood increases. It is noteworthy that the 542 

R2-FLOOD values are high for the contour plots in the bottom two rows varying between 0.84 and 0.95. 543 

This means that 10- and 30-year flood can be predicted using Let-It-Rain with high consistency. Second, 544 

the shade does not have significant horizontal variation. This means that the uncertainty of the estimated 545 

flood value using Let-It-Rain is not significantly influenced by the lag-time of the watershed. Thirdly, the 546 

shade of the contour plots is lighter for the contour plots corresponding to the greater watershed size. This 547 

means that the uncertainty of the flood value predicted using Let-It-Rain will be greater for the watershed 548 

with greater size. Lastly, the shade of the contour plots shows a significant vertical variation for the greater 549 

recurrence interval of the flood. This means that the uncertainty of the flood values predicted using Let-It-550 

Rain will increase as the magnitude of the flood being simulated increases. This is because the dampening 551 

effect, which reduces the residual between the synthetic rainfall and the observed rainfall decreases as the 552 

watershed impermeability increases.  553 
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 554 

Figure 14.  The contour of the R2-FLOOD value varying with various watershed 555 

characteristics and the recurrence interval of the flood being modeled. 556 
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5. Discussion 557 

 558 

The validation results presented in this study are particularly useful because they are based on the wide 559 

spectrum of rainfall and watershed characteristics. However, the simplicity of the methodology used to 560 

derive the results points to a limitation which we want to highlight through this discussion. 561 

First, the control data used to validate the performance of the Let-It-Rain in reproducing runoff depth 562 

and flood discharge values is not the observed data but the ones derived from the observed rainfall data 563 

through hydrologic simulation. While we admit that the analysis based on observed stream flow data could 564 

yield realistic and direct answers for practical application at a particular watershed, we tried to validate the 565 

MBLRP model focusing purely on the rainfall model itself excluding the other factors influencing the 566 

rainfall – streamflow transition. In other words, even the validation analysis based on the observed data 567 

requires the use of the hydrologic model to convert the synthetic rainfall into watershed responses, and this 568 

process inevitably entails the inaccuracy of the simulated watershed response due to the uncertainty of the 569 

parameters. In this case, it would be impossible to know whether the discrepancy between the observed 570 

watershed response and the watershed response derived from the synthetic rainfall was due to watershed 571 

model error or to rainfall model error, which obscures the clear identification regarding the pure 572 

performance of the rainfall model. The analysis adopted by this study does not contain the errors associated 573 

with the watershed model parameters while requiring less effort for hydrologic model parameter calibration. 574 

Second, this study adopted the NRCS curve number method for runoff generation which is both popular 575 

and notorious because of the simplicity of the model conceptualization. For this reason, the method is not 576 

recommended for the continuous hydrologic simulations. The alternative approaches based on more 577 

realistic models such as Green-Ampt (Green and Ampt, 1911) or Richard’s equation (Richards, 1931) may 578 

enhance the accuracy of the results of the analysis. However, these models require much more information 579 

regarding soil characteristics and atmospheric conditions, which makes their practical application difficult. 580 

For this reason, the similar analysis aiming to draw a general conclusion as this study but based on the 581 

aforementioned realistic runoff models would require tremendously more case comparisons, which is the 582 
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primary reason why this study adopted relatively simple runoff model. However, if the study watershed has 583 

sufficient observed hydrologic data such as soil characteristics and evapotranspiration from the various 584 

types of data resources including remote sensing and data assimilation, a more accurate validation analysis 585 

is expected to be obtained. 586 

 587 

6. Conclusions 588 

We presented a web application named Let-It-Rain which can generate 1-hour temporal resolution 589 

synthetic rainfall time series using the Modified Bartlett-Lewis Rectangular Pulse (MBLRP) model, a type 590 

of Poisson stochastic rainfall generator. The strength of Let-It-Rain is its high usability, which enables any 591 

desktop and mobile end users with internet access and web browser to obtain the synthetic rainfall time 592 

series with only a few mouse clicks. To achieve this purpose, we adopted a web-based software framework 593 

based on ArcGIS Server and JavaScript instead of the typical desktop application development environment. 594 

In addition, we overcame the conventional challenge of parameter estimation process of the Poisson cluster 595 

rainfall model through a parameter regionalization approach. 596 

Furthermore, Let-It-Rain was validated in its ability to reproduce the important observed rainfall 597 

statistics and also in its applicability to watershed runoff and flood modeling. Even though the analysis 598 

result indicates that the MBLRP model cannot fully express the rainfall variability observed in reality due 599 

to the simplicity of the model assumptions, we presented the result in a quantitative manner for various 600 

possible watershed characteristics, so that they can also be used as correction factors to modify the result 601 

of the hydrologic simulation using the synthetic rainfall time series produced by Let-It-Rain. 602 

We hope that Let-It-Rain can stimulate the uncertainty analysis of many hydrologic variables by 603 

providing the rainfall input data to the modeling studies. In addition, we are making effort such that Let-It-604 

Rain can be used for the development of the water resources plans in developing countries suffering from 605 

scarcity of rainfall data. One way to resolve this problem is to find a proxy area in the contiguous United 606 

States which has the similar rainfall characteristics to the target area. Taking advantage of satellite 607 

precipitation data can be another solution.  608 
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Lastly, we hope that Let-It-Rain can be extended across the world. The regionalization work for Korean 609 

Peninsula has been recently completed (Kim et al., 2014) and will be integrated to Let-It-Rain soon. We 610 

welcome the international cooperation through sharing of rainfall databases. 611 
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