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ABSTRACT 

This thesis develops several unique different precipitation statistics and verification 

measures that are applicable to scales relevant to global climate models, regional models 

and hydrological runoff models, through a series of three papers.   

The first section of the dissertation is motivated by the fact that climate models are 

unable to account for the variability of precipitation within a grid box, and that other 

hydrologically critical precipitation characteristics, such as intensity and frequency, are 

often times overlooked in the literature. Several issues related to spatial averaging of 

these two measures are investigated. Rain gauge reports and radar precipitation analyses 

are used here to address three issues related to the areal estimation of intensity and 

frequency of precipitation. Differences between the order of spatial and temporal 

averaging methods are proven to be significant; therefore quantifying these differences is 

critical for both climate model diagnostics and downscaling applications. 

The second section documents spatio-temporal statistics of hourly fine-scale 

precipitation analyses for the continental U.S. The spatio-temporal coherence of 

precipitation fields, quantified under the assumption of isotropy, reveals significant 

seasonal and geographical variations. Anisotropic factors are then considered to obtain 

estimates of the mean movement and orientation of the precipitating storm systems.  

The dissertation provides new methodology to quantify the spatio-temporal variability of 

observed and modeled precipitation that offers new insight into how to correct erroneous 

model simulations. 
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The methodologies are used to evaluate the performance of two mesoscale 

atmospheric forecast models, one with explicit treatment of convection and the other with 

a convective parameterization scheme. Designed to account for the transient and 

intermittent character of precipitation, these new verification techniques show that 

explicit formulation of convection yields spatio-temporal covariance structures that agree 

closely with observations. The explicit scheme shows however, a systematic tendency to 

propagate summertime precipitating storm systems to the right of observations, 

suggesting that the model’s convection is too dependent on the source of low-level 

moisture. 
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1. INTRODUCTION 

 

 Precipitation is a key weather and climate element that impacts life and society. 

This dissertation focuses on the statistics of modeled and observed precipitation. The 

results are relevant to a broad segment of the climate, hydrologic and atmospheric 

sciences communities. The impact of areal averaging precipitation from gauges and 

radars and the precipitation characteristics from climate models, and the linkage between 

the observed and model-produced characteristics are investigated here. These results of 

the areal averaging methods have important implications for global climate model 

diagnostics studies and downscaling applications. New verification techniques are 

developed for evaluation of precipitation forecasts from fine-scale numerical weather 

prediction (NWP) models. These new approaches applied to both observed and modeled 

precipitation fields are designed to account for the intermittent character of precipitation 

in order to obtain the true variance characteristics of the models, which are key aspects 

for improved predictability.  

Precipitation poses observational and modeling challenges. It is difficult to 

measure confidently, because of the localized and intermittent character, and, not 

surprisingly, it is very difficult to model realistically and accurately forecast in models. 

Precipitation plays a fundamental role in the hydrological cycle: it controls residence 

time of the water in the atmosphere and produces circulation through the release of latent 

heat; it directly affects the hydrological processes, such as surface runoff.   

From a societal perspective, water is a precious, limited resource whose 

disruption will adversely impact economy and human life. Modification of the 
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hydrological cycle might result in more floods and droughts. Therefore, understanding 

and representing the complex processes within the hydrologic cycle is essential for 

improving the realism and credibility of predictions.  

Weather and climate models are tools used across a wide range of scales for 

different applications. At the global scale, General Circulation Models (GCMs) are used 

to investigate the state and evolution of climate. Precipitation, a key component of 

climate, is particularly difficult to represent in climate models because the majority of 

precipitation occurs at scales smaller than the model grid spacing. Consequently, it has 

been argued that the results from evaluating model-simulated precipitation should be 

viewed as “scenarios” and not as predictions (Airey and Hulme, 1995). Nonetheless, 

since outputs of GCMs are used to force land surface models, it is critical to understand 

how the use of the GCM derived precipitation fields can affect local hydrological 

processes. Assessing the quality of climate model-generated precipitation intensity and 

frequency requires spatial averaging of these variables derived from observations 

However, spatial interpolation issues are of great concern either when verification is 

performed by interpolating the observations to obtain observations on a gridded domain 

corresponding to the forecast domain, or when comparing only those forecast values that 

correspond to the location of the rain gauges. Area-to-point or point-to-area verification 

methods have been studied and proved to introduce interpolation errors caused from 

scales effects (Tustison et al. 2001). Some of these issues related to areal estimation of 

precipitation constitute the focus of the first part of the thesis. 



 

 

20 

Mesoscale models are weather forecasting tools at regional scales, ranging from a 

few to several hundred kilometers. Forecast verification is an essential component of any 

weather forecasting system. Verification of forecasts is essential for various types of 

users and it is critical for providing feedback for model improvement. Traditional 

verification techniques are not always adequate for precipitation verification. New insight 

into precipitation beyond that provided by traditional techniques is necessary, especially 

for the scales produced by current mesoscale NWP models. Traditional (measures-

oriented) verification techniques include continuous (mean error, absolute error, root 

mean square) that measure the correspondence between the values of the forecasts and 

observations at the grid points, and categorical scores (bias score, false alarm ratio) that 

measure the correspondence between forecast and observed occurrence of events at grid-

points.  Still in the “traditional category” but more sophisticated measures come from 

joint distributions of forecasts and observation (Murphy, 1987). In addition to traditional 

verification, more scientific methods have been developed. Scale decomposition methods 

measure the correspondence between the forecasts and observations at different spatial 

scales (Briggs and Levine, 1997); event-oriented techniques (Brown et al. 2004) give 

information on the spatial forecast performance 

 It has been noted that as horizontal grid spacing in NWP models decreases as 

computational power increases, the amplitude of forecast features produced by these 

models tends to increase (Baldwin et al. 2001). That is, relatively small errors in space 

can cause very large measures-oriented differences between forecast and observed values 

at a specific location.  As a result, statistical measures of performance obtained by 

traditional verification approaches will appear deficient when forecast and observed 
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fields containing small-scale, high-amplitude features that are slightly phase-shifted are 

compared. It is of great relevance to determine the spatial and temporal structure of 

observed fields and assess and verify the realism of the analogous modeled fields, rather 

than point-to-point comparison (as in the traditional techniques). This should include 

evaluating the model’s skill in reproducing the spatio-temporal coherence as derived 

from observations.   

 In this context, a blend of experimental and traditional methods is used to derive 

and then to verify new statistical properties of the precipitation fields. This represents the 

focus of the second and third parts of the thesis. 

As a last remark, it should be noted that a very important issue for model 

verification is data against which forecasts are evaluated. Whether climate model 

evaluation or NWP forecast verification, they must be verified against the best available 

estimates of the true rainfall. Precipitation observations come from three main sources: 

rain gauges, radars and satellites (Ebert et al. 2003). They all have well known merits and 

limitations, usually with a trade-off between resolution and coverage, in both the spatial 

and temporal senses.  However, simultaneous high-resolution spatial and temporal 

coverage are highly desirable. In this dissertation precipitation fields from a relatively 

recent, state-of-the-art multi-sensor radar and gauges dataset for continental US are 

employed throughout the three sections. It provides an exceptional opportunity to analyze 

precipitation at relevant hydrological scales. 
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2. PRESENT STUDY 

 

The methods, results, and conclusions of this body of research carried out in are 

presented in three papers that are appended to this dissertation. Sections 2.1 − 2.3 below 

briefly summarize the most important findings of these papers.  

In accordance with policy established by The University of Arizona Graduate 

Council in January 1992, published and submitted manuscripts serve as the main 

components of this dissertation. The three manuscripts are attached as appendices A, B, 

and C. Authorship is shared with professors Xubin Zeng and Steven Mullen of the 

Department of Atmospheric Sciences, who provided guidance for the research and 

writing; otherwise, they represent the original work and contribution of the lead author. 

2.1 Summary of paper #1 “Areal estimation of intensity and frequency of summertime 

precipitation over a mid-latitude region”, Geophysical Research Letters, 33, 

2006,L22401, doi:10.1029/2006GL027393 

 
 Precipitation evaluation demands not only accurate time averages but also accurate 

simulations of precipitation properties such as spatial and temporal distribution and 

intensity. A key question concerns how to derive area-averaged precipitation estimates 

from point precipitation measurements. It is accepted that global climate models typically 

yield grid-box precipitation with lower average intensity and higher average frequency 

that can affect the hydrologic response. Studies of precipitation intensity and frequency 

have been limited to date and many questions remain. Models should therefore be 

evaluated in terms of how well they reproduce the observed intensity and frequency 
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spectrum of precipitation. The examination of gauge and radar observations in this study 

yielded three conclusions about estimating averages.  

a. The spatially averaged precipitation depends strongly on how the non-precipitating 

events are included in the final temporal-spatial average. While the order of 

averaging does not matter for the precipitation amount, it is very important for the 

computation of spatially and temporally averaged intensity and frequency. As a 

result, very different estimates of spatially averaged precipitation can be derived 

from the same set of observations (or model output).   

b.   The results indicate that approximately 30 gauges are needed to construct average 

intensity for a typical climate model grid. Similarly, computations show that for a 

robust areal estimate of frequency, the necessary number is N≈60 gauges. 

c.    A linear relationship is found between the wet fraction and the average rainfall 

amount with a slope that differs for rain gauge and radar. Both of these 

continuous linear relationships show that the current formulation used in the land 

surface models at NCAR with 2 discrete values for the wet fraction of 60% and 

100% for convection and stratiform modes, respectively is not correct. Also, the 

time-averaged fractional area is found to provide the connection between the 

average of local hydrological observations and the average of grid output of a 

climate model, finding that has critical implications for downscaling models. 
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2.2 Summary of paper #2: “Spatio-temporal variability of hourly precipitation over the 

eastern contiguous U.S. from Stage IV multisensor analyses”, Final revisions submitted 

to Journal of Hydrometeorology 

 
 Precipitation fields exhibit coherent spatial structures. We document several aspects 

of the statistical character of precipitation events using hourly Stage IV analyses for the 

eastern U.S. during the cool (DJF) and the warm (JJA) seasons for the four years 2002-

2005. Statistical computations are done for mesh sizes that vary from 4 km (the minimal 

Stage IV pixel size) to 32 km for two thresholds: light (1 mm h-1) and heavy (5 mm h-1) 

precipitation rates.  

a. Local temporal correlations  

The temporal correlations are derived under a two-state Markov process 

approximation. The Markov chain is accepted as a conservative statistical model to 

approximate discrete intermittent phenomena such as precipitation; with this 

assumption e-folding times are derived as the time at which the temporal lagged 

correlation drops to e-1. 

Temporal analyses show seasonal variability with e-folding times between 2-3h 

during winter and about 1-2h during summer. For heavier events, they run an hour 

shorter during both seasons.  

b. Isotropic spatial correlations  

A simple way to quantify spatial coherence is by computing conditional probabilities. 

Under the assumption of isotropy, which simplifies the analysis and physical 

interpretation, e-folding distances are obtained as the distances at which average 
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values of the conditional probability drop to e-1. 

Spatial correlation analyses reveal a wide range of distances at which precipitation 

events become spatially independent.  For lower intensity rates, distances of 30-60 

km are typical for the summer, and 60-180 km for the winter.  Decorrelation lengths 

decrease by approximately a factor of 2 to 3 for heavy events. 

c. Anisotropy and mean movement  

A new method to quantify anisotropy in the rainfall patterns is introduced as a simple 

geometrical model, a counterpart of the covariance matrix method traditionally used 

in pattern recognition techniques. 

A new method for estimating the mean translation of the precipitation pattern is 

estimated from the positive and negative time-lagged patterns of the storm systems.  

The examination of anisotropic characteristics reveals a preference for a SW-NE 

orientation during both seasons with greater elongation during the winter.  

Mean propagation velocities of precipitating systems are faster and are more closely 

aligned with the dilatation axis during the winter.  

d Spatial averaging  

One goal of these analyses is to compare output from different NWP models with grid 

spacing coarser than 4km; therefore coarser resolutions, consistent with those of 

weather and regional climate models are analyzed here.  

The statistics suggest that event persistence and spatial decorrelation length increase 

as the area over which precipitation is collected expands, but only slightly. This is a 

consequence of the aggregation procedure because precipitation, is “red" in both 
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space and time. However, subtle differences in the local magnitudes exist as the 

averaging scale increase; this is associated with the fact that events fulfilling the 1 

mm h-1 or 5 mm h-1 criterion can decrease rapidly as the area increases. 

 These statistics will provide useful guidance for diagnosing and improving the 

spatio-temporal variance characteristics of precipitation in numerical models. Aside from 

its climatological value, documentation of the statistical properties of precipitation along 

with thorough understanding of the governing physics, are necessary prerequisites for 

untangling the weather-climate connection. 

 

2.3 Summary of paper #3: “Warm season spatio-temporal organization of precipitation 

forecasts in two mesoscale models” 

 

The complex physical processes that lead to rain (varying from large-scale ascent 

of moist air, to convection caused by heating of moist air near the surface, to convergence 

of moist air in a baroclinic zone, to orographic lifting) must be represented in NWP 

models, whose outputs form the basis for rainfall forecasts. 

In this paper statistical diagnostics derived from observations are used in 

evaluating the precipitation forecast performance of two mesoscale models: the NCEP 

Eta model and the NCAR WRF model. The first one employs the traditional approach of 

implicit representation (convective parameterization) while the second has an explicit 

treatment of convection.  
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Three datasets are used throughout this paper: one observational and two models. 

The first dataset is the Stage IV precipitation field. The second dataset is an output from 

the WRF summer experiment 2004-2005 consisting of daily 36-h forecasts at 4 km 

horizontal grid spacing The third data source is the operational Eta daily 48-h forecasts 

run at 12-km. All three datasets encompass an area corresponding to the WRF 2004 

summer experiment, that is, continental U.S area bounded by approximately 105o W and 

80o W, spanning the months of June and July during 2004-2005. 

The same new experimental techniques are used as in the second paper (with few 

amendments;  in addition, diurnal and spatial spectral analysis are performed.  Once new 

statistics are derived from these experimental methods, we employ traditional methods to 

compare results from the models and observations. The main findings in models’ 

performance are summarized in terms of the following categories: 

a. Diurnal cycle  

The 1-D Fourier transform applied to the frequency of the precipitation for each hour 

of the day reveals that the WRF forecasts show good skill in capturing the strength of 

the diurnal cycle throughout the domain, but it is less skillful in reproducing its phase 

(peak hour) and its propagation, more evident in the central plains. Eta’s depiction of 

the diurnal cycle is much less accurate. The representation of the strength of diurnal 

cycle of precipitation and its geographical distribution is poor. 

b. Temporal and spatial coherence 

Both temporal persistence and spatial decorelation scale are much better reproduced 

by the WRF forecasts; in contrast, the Eta forecast errors show appreciable positive 
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bias for both the temporal and spatial scales for the light events indicating 

considerable overestimation; this bias reduces for the heavier events. 

c. Anisotropy and mean movement 

The elliptical model proves to be a good approximation for spatial conditional 

probabilities from the WRF forecasts for more than half of the domain, but over less 

than 30% of the domain for Eta mode, consistent with more isotropic features as the 

larger scales might imply. 

The mean movement of the propagating systems reveals weaknesses in both models 

(at 12km), with speeds of propagation being underestimated by both models, 

underestimation that increases with the rain rate threshold. However, the errors in the 

speeds derived from the hourly 4km WRF forecasts are much lower and therefore 

confirming that under-resolved convection might be the cause for misrepresenting 

propagation of convection. 

d. Spectral analysis  

Time-averaged spectra obtained from a 2-D Fourier transform are examined in order to 

assess whether the two models produce structure and variability over a wide range of 

scales. We found that WRF reproduces the variability observed in Stage IV at almost 

all scales; Eta ‘s structure is smoother, failing to reproduce scales shorter than about 

200km. Our scaling analysis also indicates that the WRF spectra have similar behavior 

as the shallower 5/3 slope observed at mesoscales in kinetic energy spectra, while Eta 

sharper slope approaches the spectral slope for large scales. 
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2.4 Summary of this doctoral research 

The original research described in this dissertation denotes substantial progress in 

determining and quantifying precipitation characteristics, with a wide spectrum of 

applicability for different communities. Assessing and quantifying the differences 

between area-averages of point observations and grid model average of precipitation 

intensity and frequency represent new results with important applications for climate 

model development and downscaling methods. Moreover, in the context of global climate 

change and the predicted changes of the hydrological cycle, these results provide unique 

perspectives on the linkage between model-predicted and the observed precipitation 

intensity and frequency.  

The novel verification approaches developed in this dissertation enable the quantification 

of the spatio-temporal dependence of the observed precipitation. They can be used to 

evaluate the veracity of mesoscale models, which represents an original contribution to 

the field of hydrometeorological prediction.  
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ABSTRACT 

Spatially averaged precipitation characteristics derived from observations are needed to 

evaluate climate model generated precipitation intensity and frequency.  In this study, 

observations from gauges and radar datasets are used to address three issues that are 

related to the areal estimation of intensity and frequency of summertime precipitation 

over the state of Ohio, USA. First, spatial averages of intensity and frequency from point 

precipitation are found to be very sensitive to the averaging method (i.e., spatial 

averaging followed by temporal averaging versus temporal followed by spatial 

averaging), particularly at lower precipitation thresholds. Second, approximately 30 

gauges are found to be necessary to construct average intensity for a typical climate 

model grid, which is much higher than the gauge number required for average 

precipitation amount. Finally, the fractional area receiving rainfall is found to have a 

fairly linear relation with the precipitation amount averaged over the grid, but the slope 

differs between the gauge and radar data. 
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1. Introduction 

 Precipitation is characterized by its amount, intensity, and frequency. 

Conventional rain gauge networks routinely measure point precipitation that may not be 

representative of the surrounding area. In contrast, radar data provides precipitation 

estimates at enhanced spatial resolution, implying fundamental advantages over rain gage 

networks for rainfall observation. However, radar observations can have large errors. 

Several studies have concluded that the radar mean areal precipitation underestimates 

gauge-derived rainfall, an underestimate that is most pronounced during the winter 

months (Stellman et al., 2001). Global climate models often yield grid-box precipitation 

with lower average intensity and higher average frequency (Chen et al, 1996) that leads 

to overestimation of canopy interception (Eltahir and Bras, 1993) and to underestimation 

of surface runoff (Thomas and Henderson-Sellers, 1991). The scaling issues in the 

verification of precipitation forecasting using gauge data have also been addressed in 

Tustison et al. (2001). Therefore, both for fundamental understanding and evaluating and 

improving climate models, we need to better understand the relationship between point 

measurements and areal estimation of precipitation.  

 Estimation of the spatially averaged precipitation based on rain gauge values is 

routinely calculated by weighted average of the point measures or by surface fitting 

methods. The number of gauges needed to give reliable areal estimation of precipitation 

amount has also been studied (Xie and Arkin 1995). However, precipitation intensity and 

frequency have not been well studied and many questions remain (Chen et al. 1996, Dai 

2001).  For example, how can one obtain areal estimation of intensity and frequency from 
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point gauge measurements or from high spatial resolution radar data? What are the 

numbers of gauges or radar pixels necessary to provide a reliable areal estimation of 

intensity and frequency? How can one estimate the spatial fractional coverage of 

precipitation based on grid average precipitation? The purpose of this study is to use 

gauge and radar data to provide a preliminary answer to these three questions. 

2. Data 

 Both hourly rain gauge and hourly radar data (the so-called Stage IV) are used for 

several reasons: while gauge data are available over global land (and our results based on 

one area can be further tested using data from other regions), the radar data are not 

available over many regions; while the simple arithmetic average of gauge data from a 

dense network, as used in this study, does contain small errors in representing spatially 

averaged precipitation, the radar data does not have this caveat; the comparison of gauge 

and radar datasets is useful itself. The gauge data are extracted from the archived rainfall 

reports at 120 stations within the state of Ohio, as part of the Integrated Flood Observing 

and Warning System (IFLOWS) (http://afws.net/states/oh/oh.htm). A region of about 

200x200 km (roughly the size of a global model grid cell) was extracted from the radar 

data corresponding to the Ohio IFLOWS network of gauges. Stage IV precipitation 

analyses are produced by the National Centers for Environmental Prediction 

(www.emc.ncep.noaa.gov/mmb/ylin/pcpanl/stage4). The Stage IV fields provide area-

averaged, hourly estimates of precipitation on a 4 km pixel over continental US. This 

multi-sensor dataset merges radar and rain gauge measurements that are produced by the 

12 River Forecast Centers (RFC), in this case, the Ohio River Forecast Center (OHRFC). 
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Each RFC applies different radar reflectivity-precipitation relationships (the so-called Z-

R relation) based on season, geographical location and weather type. OHRFC employs 

the Marshall-Palmer stratiform relationship for most of the observations except for 

isolated events in July and August, when a summertime deep convection relationship is 

applied. Real time rain gauge data are then used to correct hourly radar-gauge biases. 

Approximately 20 rain gauges are used for the bias removal within the extracted region 

from OHRFC, whereas the IFLOWS network provides a more dense distribution of about 

120 stations. For both sources we analyzed the hourly data of June and July in 2003 and 

2004.  

 

3. Results and Discussion 

a) Deriving spatially averaged precipitation intensity and frequency from point 

observations  

 In this section we examine two basic methods of averaging intensity and 

frequency: one calculates the temporal mean first and then calculate the spatial average of 

the temporal mean, and the other calculates the spatial average first, and then the  

temporal mean. The first is often used for local observations, and the second corresponds 

to the output of a climate model.  

 The precipitation amount over a given hour (t) and at point or pixel (s) is P(s,t), 

with 1≤ t ≤ nT and 1≤ s ≤ nS where nT is the total number of hours of the period 

considered and nS is the total number of rain gauges or pixels of radar data over the area 

of interest. At location, s, the temporally averaged rainfall amount, 

! 

R (s), intensity, 

! 

I (s) , 
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and frequency, 

! 

F (s) , are defined as: 

! 

R (s) =

P(s,t)
t=1

n
T

"

n
T

,   

! 

I (s) =

P(s,t)
t=1

n
R

"

n
R
(s)

,    

! 

F (s) =
n

R
(s)

n
T

 (A.1) 

where the overbar indicates a time average over the entire period of interest , 

nR(s) is the number of precipitating hours at location, s. 

 For spatially and temporally averaged hourly precipitation amount,  the result is 

not affected by the order of temporal (denoted by overbar) and spatial (denoted by 

brackets) averaging, i.e., 
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 For intensity and frequency, however, the order can be important.  If the average 

intensity and frequency are computed by first taking the local time average followed by 

the spatial average, then the area-averaged values are: 
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 (A.3) 

Alternatively, if the average intensity is computed by first taking the spatial average 

followed by the time average, then the area-averaged results are:  

 

! 

I =

R (t)
t=1

n
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n
R

,  and 
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F =
n

R

n
T

 (A.4) 
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where n<R> is the number of hours when the spatially-averaged rainfall, <R>(t),  is 

nonzero.  

  To illustrate that 

! 

I " I  and 

! 

F " F , consider the simple situation where 

only one gauge observed precipitation. Then 

! 

n
R

= n
R
(s =1) , 

! 

F =
n

R
(s =1)

n
T

= n
S

F , 

and 

! 

I =
R

F
= I 

F 

F
=

I 

n
S

.  So 

! 

I  and 

! 

I  differ by a factor of nS.   

 In numerical models, grid average precipitation is computed at each time and (4) 

is used. For hydrological application, local intensity and frequency are most relevant, and 

hence (3) is used. As illustrated by the above simple situation, model intensity estimated 

from (4) tends to be much lower on average than observed data using (3) while model 

frequency tends to be much higher (Chen et al. 1996). Furthermore, while no 

precipitation threshold exists in numerical models, rain gauges have a minimum 

measurable threshold (

! 

P
cr

). If no threshold is used (i.e., 

! 

P
cr

= 0 ), it is obvious that 

 

! 

n
R

"

n
R
(s)

s=1

n
S

#

n
S

 , 

! 

I " I , and 

! 

F " F                    (A.5) 

In other words, the fact that 

! 

n
R

 is  not equal to the spatial average of 

! 

n
R
(s) prevents the 

interchangeability of temporal and spatial averaging of intensity or frequency. 

 However, if a non-zero 

! 

P
cr

 is used, the relations in (5) may no longer hold. For 

the simple situation discussed earlier, if nS is sufficiently large, so that 

! 

P(s =1,t) > P
cr

> R , then, 

! 

n
R

= 0, 

! 

n
r
(s) > 0  and 

! 

F = 0 < F . 
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 Because the gauge precision is 1mm (http://afws.net/states/oh/oh.htm), we 

compared the two averaging methods for critical precipitation thresholds of 1 mm 

increments as shown in Table A.1 (intensity) and TableA. 2 (frequency). In this study, nT 

in (1)-(4) is the total number of hours from June-July period for each year. The difference 

between the two averaging methods for intensity is substantial for the zero threshold, 

with 

! 

I  being an order of magnitude larger than 

! 

I , similar to the findings of Chen et al 

(1996).  As 

! 

P
cr

 increases, the ratio of 

! 

I I  decreases to 2. Grid-averaged precipitation 

rates are no more than 5 mm/h for both radar and gauge data as higher rates are not 

sustained over widespread areas. As expected, the corresponding frequency ratio is much 

smaller than unity for the zero threshold (Table A.2), also similar to those reported by 

Chen et al. (1996). For the other thresholds, both frequencies decrease but their ratio 

increases monotonically. Consistent with these results, 

! 

I F = I F  for 

! 

P
cr

 = 0, but 

the former becomes larger than the latter as 

! 

P
cr

 increases. 

  Since the zero-threshold is commonly used (at least for model applications), we 

examined the first row in Table1 in more detail. To illustrate the discrepancy between the 

real distribution of intensities across the grid, 

! 

I (s) , and the “model” averaged intensity, 

! 

I , histograms of local intensities at the 120 stations across the grid are shown in Fig. 

A.1. The most frequent local intensities, computed from the 120 gauges, are 2-4 mm/h, 

whereas the grid-averaged intensity is about 0.26 mm/h (Table A.1), a factor of 12 lower. 

Compared to the gauge data, the radar-based observations show less spread in intensity, 

with most of the values falling in the 2-3mm/h range, for both summers. The ratio of the 
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local most frequent values to the average grid intensity (about 0.34 mm/h in Table A.1) is 

around 7, which is less than the gauge-based estimation. 

 Note that we have focused on a 200 km x 200 km domain, which represents a 

typical global climate model grid. In general, the intensity and frequency differences 

between the two averaging methods depend on the averaging domain size. To further 

address this dependence, we performed the same computations for intensities and 

frequencies for three smaller domains: 100 km x 100 km, 40 km x 40 km, and 20 km x 20 

km. As an example, for a zero precipitation threshold, the 

! 

I I  ratio reduces with 

decreasing the size, with values of 5, 3 and 1.5, respectively. Correspondingly, the 

frequency ratio shows an increase from 0.2, 0.3 to 0.5, respectively.  These results are not 

surprising because, as the averaging domain decreases to a typical storm size, these ratios 

should be close to unity.  

   

b) The number of rain gauges or radar pixels needed for the areal estimation of 

precipitation intensity and frequency 

 Xie and Arkin (1995) estimated the number of gauges needed to obtain a reliable 

spatial average of precipitation amount over 2.5 deg by 2.5 deg grids. Using the similar 

approach, here we extend the analysis to precipitation intensity and frequency based on 

both gauge and radar data. We vary the number of stations, N, used in computing the grid 

intensity,

! 

I , and grid frequency,

! 

F : 5, 10, 20, and up to 110 for the gauge set, and up 

to 160 pixels for the radar set. For each number of locations, ensembles of 50 randomly 

selected stations are employed for statistical robustness. Figure A.2a,b shows that the 
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median 

! 

I  (for Pcr = 0) decreases with the increase of N (i.e., number of gauges). 

Moreover, the spread within each of the 50-member ensemble (as represented by the 

vertical length of the box in Fig. A.2) shows a systematic decrease of one order of 

magnitude, from N = 5 to N = 110 gauges. The number, at which the mean stabilizes and 

the standard deviation decreases by a factor of 10 for both datasets, appears to occur at N 

≈30. This result coincides with the e-folding number (inferred from the exponential 

function that best fits the decay of intensity). 

 When the critical precipitation rate Pcr is increased to 2 mm/h (Fig. A.2c,d), the 

median does not vary much across the variable number of gauges (although, with a 

higher spread than for Pcr = 0 mm/h), suggesting that for non-zero Pcr, a number less than 

30 is sufficient to give a robust areal estimate of intensity. Similar computations show 

that for a robust areal estimate of frequency, the necessary number is N≈60 for Pcr = 0 

mm/h and N<30 for Pcr = 2mm/h (figures not shown). 

 When the same methods are applied to the precipitation amount, a lower number 

of gauges is needed, as indicated by the quasi-constant median across the range in Fig. 

3a,b, similar to the results of  Xie and Arkin (1995). Figure A.3c,d further examines the 

variability at smaller number of gauges and confirm that indeed, N=5 appears to be the 

minimum number needed to obtain the correct average amount. However, the results 

could differ by up to 50%, depending on which 5 gauges are used. 

 These results indicate how the areal variability of precipitation intensity, 

frequency, and amount differs. A different number of gauges (pixels) is necessary for the 

area-averaging of each of these three different variables. It must be emphasized that our 
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results here represent the behavior over Ohio in June and July for two years and 

extrapolating to other locations and seasons is a subject of further research. In general, we 

expect these numbers to depend on the rainfall spatial gradient within the considered 

area, which is related to the nature of the storm: a more widespread, stratiform system 

would have lower gradients, while a more convective one would have sharper gradients. 

These issues for global climate models are beyond the scope of this paper and will be 

addressed in future research. Note that scaling issues in the comparison of gauge 

precipitation and mesoscale model output with grid sizes from 4 km to 32 km have also 

been addressed in Tustison et al (2001). 

 

c) Spatial fractional coverage of precipitation  

  The fractional area receiving rainfall within a grid is a very important variable for 

modeling the distribution of precipitation (Thomas and Henderson-Sellers, 1991; 

Hahmann, 2003). Climate models commonly account for rainfall spatial variability within 

a grid cell by assuming that the grid cell precipitation at each time step is the average of a 

statistical distribution of point rainfall. Typically an exponential distribution has been 

employed based on empirical studies. For instance, Warrilow et al. (1986) descried the 

distribution of rainfall amount 

! 

P
S
 at any point within the precipitating area: 

 

! 

f (PS ) =
µ

R
exp "µ

PS

R

# 

$ 
% 

& 

' 
( ,                                                                                  (A.6) 

where the exponential factor is based on the fraction covered by rain,

! 

µ, and the grid-cell 

average precipitation amount, 

! 

R . 
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 For climate model applications, the fractional coverage of precipitation was 

treated by prescribing fixed values for large-scale and for convective rainfall, 

respectively; for example, in the modeling study of Bonan (1996), a wet fraction of 60% 

is assumed for convective precipitation and 100% for stratiform precipitation. Other 

studies have investigated the impact of modifying the wet fraction on surface hydrology 

(Johnson, et al. 1991, Hahmann 2003). Eltahir and Bras (1993) also developed a simple 

scheme for estimating the fractional coverage based on the observation that the storm 

area and the volume of rainfall simulated by the climate model are linearly related. 

 Here we choose to determine 

! 

µ from the area-averaged rainfall amount from 

actual measurements, using the hourly gauge and radar. To reduce the volume of the 

scatter plot, we have binned the average amounts (and then collect their corresponding 

average wet fractions) and the fractional areas (and then collect their corresponding 

average amounts). Whether the binning is performed with respect to average amounts 

(Fig. A.4, empty circles) or the wet fractions (Fig. A.4, full circles), a fairly linear 

behavior is observed in both situations, consistent with Elthair and Bras (1993). 

However, the radar data exhibits a steeper slope: almost twice the slope observed in the 

gauge data, suggesting the radar is observing lower intensities and wider spatial coverage, 

consistent with the results in Fig. A.1. Note that the fractional precipitation coverage (and 

hence the slope) from the 4 km radar data could be slightly different if a higher resolution 

radar data were available (Kumar and Foufoula-Georgiou, 1994). Both gauge and radar 

data in Fig. A.4 indicate that the wet fraction over Ohio during June and July is neither 

constant nor bimodal as assumed in Bonan (1996).  



 

 

44 

 Theoretically, if the wet fraction is a linear function of average precipitation 

amount 

! 

R  in (6), then the average 

! 

µ  during a given period can be obtained as: 

 

! 

µ = I{ } I { }                                                                                             (A.7)       

where the accolades denote the expected value. For the radar data we examined in 

Section 3a, the ratio of the two intensities is about 0.14 (e.g., Table A.1) while the 

average fractional coverage, 

! 

µ , for that period could be directly computed as 0.13, 

further confirming the fairly linear relation between wet fraction and precipitation 

amount in a model grid box. 
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Fig.A.1 Histograms of local intensities (mm/h) for summer 2003 (black) and summer 

2004 (cross-hatched): (a) gauge data; (b) radar data. 
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Fig. A.2 Boxplots of average intensity for ensembles (with 50 members)  of variable 

number of gauges (pixels) during summer 2003: (a) gauge data and (b) radar data, with P-

cr = 0 mm/h; (c) gauge data and (d) radar data, with Pcr = 2 mm/h. The values outside the 

box represent the maximum and the minimum, while the three values inside refer to the 

75th, 50th (median), and 25th percentiles, respectively.  

 

a b 

 

c d 
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 Fig.A.3 Boxplots of average precipitation amount for ensembles (with 50 members) at P-

cr = 0 mm/h for variable number of gauges (pixels) during summer 2003: (a) gauge data 

and (b) radar data with range from 5 to 110; (c) gauge data and (d) radar data with range 

from 1 to 20. The values outside the box represent the maximum and the minimum, while 

the three values inside refer to the 75th, 50th (median), and 25th percentiles, respectively. 
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Fig. A.4 Average wet fraction (%) versus hourly grid-averaged amount (mm): (a) gauge 

data; (b) radar data. Empty circles refer to the average amounts binning; full circles refer 

to the mean wet fraction binning. 
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Table A.1. Averaged intensities computed by the two methods [Eqs. (A.3) and (A.4)] for 

different precipitation thresholds Pcr based on data from 2003.  

                        Gauge data                     Radar data 

 
 

! 

Pcr (mm/h) 
 

! 

I   (mm/h)  

 

! 

I  (mm/h)  

 

! 

I   (mm/h)  

 

! 

I  (mm/h)  

0 0.26 3.22 0.34 2.47 

1 1.82 3.22 1.87 4.35 

2 2.98 5.08 2.92 5.92 

3 3.88 7.10 3.63 7.25 

4 4.26 8.48 4.31 8.58 

5 N/A 9.76 N/A 9.90 

6 N/A 11.21 N/A 11.17 

 

 

Table A.2. Same as in Table 1, except for frequency. 

                   Gauge data                     Radar data 

 
 

! 

Pcr (mm/h) 
  

! 

F  (%)  

  

! 

F  (%)  

  

! 

F  (%)  

 

! 

F  (%)  

0 44.88 3.55 54.3 7.47 

1 2.80 3.55 4.98 3.83 

2 0.82 1.88 1.43 2.46 

3 0.34 1.30 0.62 1.76 

4 0.14 0.96 0.20 1.30 

5 N/A 0.74 N/A 0.98 

6 N/A 0.58 N/A 0.75 
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ABSTRACT 

 

The statistical character of precipitation events from hourly Stage IV analyses are 

documented for the eastern U.S. during the cool (DJF) and the warm (JJA) seasons for 

the four years 2002-2005. Isotropic e-folding distances and in situ e-folding times are 

computed for mesh sizes that vary from 4 km (the minimal Stage IV pixel size) to 32 km 

for two thresholds: light (1 mm h-1) and heavy (5 mm h-1) precipitation rates. Marked 

seasonal variability characterizes the e-folding times. They typically run between 2-3 h 

during winter and 1-2 h during summer for light events, and they run an hour shorter for 

heavy rainfall during both seasons. Spatial decorrelation estimates also reveal 

considerable seasonal and geographical variability; e-folding distances typically lie 

between 60-180 km during the winter and 30-60 km during the summer for light 

episodes, and they are approximately a factor of 2 to 3 shorter for heavy events. 

Anisotropic statistics are estimated by a simple geometric model. Hourly precipitation 

patterns show a preference for a SW-NE orientation during both seasons with greater 

elongation during the winter. Mean propagation velocities of precipitating systems are 

faster and are more closely aligned with the dilatation axis during the winter.  

 These statistics should provide useful guidance for diagnosing and 

improving the spatio-temporal variance characteristics of precipitation for downscaling 

algorithms and numerical models of hydrometeorological prediction systems.  
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1. Introduction 

Precipitation plays a fundamental role in the hydrological cycle: it modulates the 

residence time of the water vapor in the atmosphere, it affects atmospheric circulations 

through the release of latent heat, and it is the primary forcing for hydrological processes 

such as surface runoff. Precipitation is a key weather and climate element that largely 

controls the distribution of life across the continents. It is difficult to measure, being 

highly variable in space and intermittent in time. Because precipitation depends upon 

nonlinear interactions between microscale through synoptic scales, it is also very difficult 

to represent faithfully in models. Moreover, fundamental physical aspects of clouds and 

precipitation processes must be parameterized, which in turn leads to errors. 

Atmospheric scientists and hydrologists have a long history of studying the 

behavior of precipitation over a wide range of spatial and temporal scales. For example, 

diurnal variability of precipitation has been documented in a large number of studies. 

Wallace (1975) compiled a comprehensive documentation of the diurnal variation of 

thunderstorm activity during both summer and winter across the United States, and Dai et 

al. (2001) expanded the diurnal analysis to different precipitation intensity categories 

across the globe. Joseph et al. (2000) examined the spatio–temporal variability of 

precipitation over the United States using a 30-yr, gridded (2° latitude by 2.5° longitude 

boxes) hourly precipitation dataset. While the length of this dataset is sufficiently long to 

examine precipitation variability on timescales ranging from a few hours to several years, 
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the spatial resolution prevents the study at smaller scales that characterize convection and 

heavy localized precipitation associated with flooding episodes. 

Analysis of observed rainfall distributions is often compromised as a trade off 

between spatial and temporal resolution: for example, hourly fields at catchment scales 

(Onof and Weather, 1996) versus monthly means at global scales (Chen et al. 1996). 

Such compromises are necessary owing to paucity of data and the intermittency of 

precipitation, especially precipitation associated with cumulus convection. 

It is also important to compare the behavior of modeled and observed 

precipitation in order to improve predictive capability. Model evaluation should include, 

among many diagnostics, a comprehensive examination of the ability to reproduce the 

spatial and temporal coherence of observed precipitation. For example, it is widely 

recognized that models should be able to reproduce the diurnal cycle of the precipitation 

(e.g. Knievel et al. 2004, Dai and Trenberth 2004). Several other studies (Zepeda-Arce et 

al. 2000, Harris et al. 2001) used multiscale methods to compare the spatio-temporal 

variability of observed and model forecasts of precipitation. 

 The recent advent of high spatial and temporal resolution precipitation 

database over the continental U.S., so-called Stage IV precipitation analyses (described in 

the next section), provides an unprecedented opportunity to construct precipitation 

statistics at scales that are sufficiently fine to be of hydrologic relevance. In this paper, 

we analyze the Stage IV precipitation fields under the two assumptions. We first compute 

spatio-temporal statistics under the assumption of isotropy, which simplifies the analysis 

and physical interpretation. We then relax the isotopic constraint to produce conditional 
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probabilities and assume that spatial anisotropy can be quantified by a simple geometric 

model.  

This paper is organized as follows: Section 2 describes the Stage IV analyses used 

in this study and gives some important caveats that need to be considered when using 

these analyses. Section 3 describes the statistical procedures, and Section 4 discusses the 

results and their implications from our analyses. Concluding remarks are offered in 

Section 5.   

2. Data analysis 

 Stage IV precipitation analyses (Lin and Mitchell 2005) are produced by the 

National Centers for Environmental Prediction (NCEP). The Stage IV fields provide 

area-averaged, hourly estimates of precipitation on a 4 km pixel over continental US. The 

radar and rain gauge measurements are merged at the 12 River Forecast Centers (RFC) 

which produce regional analyses over their domains. These regional products are then 

mosaicked into a national product at NCEP. Such a fine-resolution, continental-scale 

product offers the opportunity to diagnose space-time character of precipitation over the 

contiguous U.S. that has been hindered to date because of the lack of data. The analyses 

used in this study consist of hourly accumulations on a 4 km grid and span four years 

2002-2005. Summer (JJA) and winter (DJF) seasons are analyzed separately. 

Although the implementation of Doppler radar at the national level has greatly 

improved precipitation estimates, serious limitations still exist. Despite its fine spatio-

temporal resolution, caution must be employed when analyzing Stage IV data because of 

the uncertainty of radar retrievals in regions of complex terrain or melting hydrometeors. 
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Maddox et al. (2002, their Fig. 5) show how limited radar coverage is at low levels above 

ground level over much of the continental US, especially in the interior of the West. 

Beam blockages are widespread over the intermountain West, and in conjunction with the 

shallow nature of stratiform orographic precipitation, the ranges at which reflectivity can 

be reliably measured below the melting layer are severely limited. The effective limit of 

radar coverage is further decreased during the cold-season when stratiform precipitation 

are low freezing levels are more frequent, and reflectivity is prone to well-known “bright 

banding” (Maddox, 2002). In view of these uncertainties, we restrict our analysis to the 

region east of 105° W, and place highest confidence east of 100° W, following the 

recommendation of Maddox (2005, personal communication) in order to minimize the 

likelihood of erroneous interpretations and conclusions. 

3. Analysis procedures 

3.1 Local temporal correlations 

One goal of the study is to examine the spatial variability of the persistence of 

precipitation. The dichotomous (rain/no rain) character of precipitation suggests its 

occurrence can be approximated as a two-state Markov process; that is, the transition 

probabilities that control the next state of the system depend only on the current state 

(Wilks, 1995). This assumption allows us to compute the serial correlation between rain 

rates from the time series separated by n timesteps at any location (
n
r ) from the 1-hour 

lag autocorrelation (
1
r ):  

1

n

n
r r=                                                                                                               (B.1) 
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The number of lags (hours) at which the correlation drops to e-1 represents the e-folding 

time Te. Although we are not focusing on assessing the strength of the Markov model to 

represent conditional probabilities associated with hourly precipitation, we briefly offer 

an analysis of how well the Markov model fits empirically-derived histograms. 

Probability of raining at a fixed location, at subsequent n time steps τ, can be conditioned 

on only the first time step t0: 

 P[(x,y,t+nτ)|P(x,y,,t)=1]                                                                                       (B.2) 

or on the of chain of all the intermediate time steps from:  

P[(x,y,t+nτ)…|P(x,y,t+2τ)=1|P(x,y,t+1τ)=1|P(x,y,,t)=1]                                     (B.3) 

The Markov model approximates condition (3) as: 

P[(x,y,t+nτ)…|P(x,y,t+2τ)=1|P(x,y,t+τ)=1|P(x,y,,t)=1]  ≈ P[(x,y,t+1τ)]n            (B.4) 

 Condition (B.2) corresponds to the autocorrelation at n lags, independent of 

precipitation occurrence at the intermediate lags of 1 to n-1. Thus it would asymptote 

toward the climatologic frequency with increasing lag. Condition (B.3) measures the 

likelihood of consecutive hours with rain and would asymptotes toward zero with time, 

and it can be considered a subset of Eq. (B.2). Comparisons between the empirically-

estimated conditional probabilities (B.2) and (B.3) and the Markov approximation (B.4) 

are shown in Fig.B.1. The curves represent domain-averaged values for the theoretical 

(solid lines) and empirical (dash lines) correlation functions at different lags, while the 

thin bars (red and blue) represent their standard deviations across the entire domain. The 

thick bars (green) in the upper panels give the standard deviations of the difference 

between left and right hand sides of (B.4) across the entire domain. Since consecutive 
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hours with precipitation are of great hydrologic interest, it is clear that Eq (B.3) is the 

suitable form.  In this case, the theoretical curve exceeds the empirical one by 1% and lies 

well within the sample standard deviation of the difference field, we conclude the 

Markov assumption is an acceptable and highly accurate approximation to the raw 

probabilities. 

The computations are done for both seasons and for three thresholds: 0 mm h-1 or 

trace (not shown), 1 mm h-1 or measurable precipitation, and 5 mm h-1 which we assume 

represents the lower bound for predominately convective precipitation (e.g. Baldwin 

2005). Thresholds higher than 5 mm h-1 were not examined owing to small sample size. 

Stage IV precipitation rates of less than 1mm h-1 should be viewed with caution 

owing to the inherent uncertainties associated with converting low reflectivity to rainfall 

rates, especially in regions where there is paucity of gauges. Whether these light rainfall 

intensities are accurate or primarily denote an artifact of the radar algorithm is difficult to 

determine. Westrick et al. (1999) showed that limited number of scans at low levels 

(below the melting level) can contribute to considerable precipitation underestimation, 

making the use of the resulting very low precipitation rates questionable. According to 

the Stage IV multi-sensor analysis procedure, a radar-rain gauge bias correction is 

applied to mitigate radar Z/R errors 

(http://www.nws.noaa.gov/oh/hrl/papers/wsr88/tac_nov02.pdf), but the uniformity of its 

effectiveness for different seasons, regions and synoptic events must be questioned. 

Consideration of these issues led to our decision to not include and interpret the results 

from trace events. 
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3.2 Spatial correlations 

3.2.1 Contemporaneous spatial correlations 

A simple way to quantify spatial coherence is by computing conditional 

probabilities. Conditional probabilities are generated over a 512 km x 512 km domain 

(128 x 128 4-km pixels), where the probability P at an arbitrary location and time is 

conditioned on the event occurring simultaneously at the center of the domain, termed the 

anchor point, or  

P[(x,y,t)|P(x0,y0,t)=1],                                                                                       (B.5) 

where (x0,y0) is the anchor point, (x,y) is any point within the 512 x 512 km domain, and t 

is any time during which the anchor point receives rain.  

In order to estimate the e-folding distance under the assumption of isotropy, the 

average value of (B.5) was computed along annuli at different radial distances from the 

anchor point. The radial distance at which this average value decreased to 1/e is defined 

as e-folding distance, d: 

2

1

0

1
( , )

4

d R

d R

e P r rdrd
d R

!

" "
!

+#

$

$#

=
# % %                                                                     (B.6) 

where 

! 

"R=4km, 

! 

P(r,") is the representation of (B.5) in polar coordinates.  

The analysis was done for both cold and warm seasons and for two thresholds: 

1mm h-1 and 5mm h-1. The e-folding distance was estimated for four different grid box 

sizes: 4 km x 4 km (the nominal Stage IV pixel), 8 km x 8 km, 16 km x 16 km, and 32 km 

x 32 km to quantify how the decorrelation scale varies with respect to spatial averaging. 

That is, the original data is aggregated into 8 km x 8 km pixels (the average of 4 adjacent 
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Stage IV pixels), 16 km x 16 km (16 Stage IV pixels) and 32 km x 32 km (64 Stage IV 

pixels) and then each of these coarse pixels became an anchor point around which 

conditional probabilities across a 512 km x 512km window are computed in the same 

fashion as for 4km. 

3.2.2 Time-lag spatial correlations 

Conditional probability maps can be generated at different time lags τ.  

P[(x,y,t+τ)|P(x0,y0,t)=1]                                                                             (B.7) 

The calculation is performed over the whole region (east of 105°W). Every Stage IV 

pixel is used as an anchor point for time lags of τ = ±1 hour, from which mean system 

propagation characteristics can be estimated. (Computation of the propagation is 

described in section 3.3.) 

3.3 Anisotropy measures 

Anisotropic characteristics of the precipitation patterns were defined by Fourier 

decomposition. At various radii from the anchor point, circular arcs defined by 8 km 

thick annular rings are derived from (B.5): 

! 

P
r
(") = P(r,")rdr

r#$R

r+$R

%                                                                                           (B.8) 

Then the 1D Fourier transform was computed in the azimuthal direction along the 

resulting annular regions of (B.8). 

 An example is shown in the middle panel of Fig.B.2 for a pixel over the 

Southeast U.S. The amplitude and phase of the first harmonic provide a measure of the 

asymmetry of the rainfall distribution about the anchor point; the amplitude and phase of 
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the second harmonic are related to the eccentricity and the orientation of the major axis, 

respectively. (See Appendix B1) The amplitude squared determines the variance 

explained by the harmonic. For the example shown in Fig.B.2b, the first harmonic points 

toward the SE, and the dilatation axis for the second harmonic is oriented approximately 

SW-NE. 

The mean translation of the precipitation pattern over a 2 h interval can be 

estimated from the +1 h and -1 h time-lagged patterns of (B.7). A correlation matrix 

between the +1 h time-lagged pattern of (6) and the 0 h lag pattern of (B.5) was computed 

for an arbitrary anchor point (x0, y0) by shifting (4) in increments of 4 km in both the x 

and y directions: 

0 0

0 0 0 0 ,

( , , )

[ ( , , ) | ( , , ) 1], [ ( , , ) | ( , , ) 1]
m x n y

x m x y n y t

P x y t P x y t P x y t P x y t

! "

" # #

+ # + # + =

= + =
        (B9) 

where 0 0( , , )x m x y n y t! "+ # + # +  is the pattern correlation function for (m, n) lags in 

the (x, y) directions, 0 0[ ( , , ) | ( , , ) 1]P x y t P x y t =  is the conditional probability distribution 

within the 512 km x 512 km domain, i.e. Eq. (B.7), and the bracket operator is the spatial 

correlation function. The point 0 0( , )x M x y N y+ ! + !  is where the correlation (B.9) is 

maximized: 

0 0( , )x M x y N y! + " + "   =  max[ 0 0( , )x m x y n y! + " + " ]                     

(B.10) 

The number of lags over which the optimization is computed varies between [-20, +20] 

for both m and n, a sufficient distance to ensure that |M| < 20 and |N| < 20, and of course 

! 

"x  = 

! 

"y  = 4 km.  
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 We defined the displacement as the vector difference between the anchor point 

0 0( , )x y and the point 1 1 0 0( , ) ( , , 1)x y x M x y N y! ! !
+ +

= + " + " + . The procedure was 

repeated for -1 h time-lag, time 1! " . The upper and lower panels of Fig. B.2 show 

center locations at -1 and +1 hour lags, respectively.  The translation over the two hour 

period 1! " to 1! +  was computed as a vector from point (xτ-1, yτ-1) and point (xτ+1, yτ+1). 

The mean propagation velocity was estimated by dividiing translational vector by 2h and 

centering it on the anchor point 0 0( , )x y . A single pass of nine-point smoother (Shapiro 

1970) was applied to the three patterns of (B.5) and (B.7) prior to correlation estimate to 

mitigate the deleterious impact of small-scale variability. The displacement vector and 

the orientation of the elongation axis can be examined to glean the relationship between 

the mean system propagation and anisotropic distribution of precipitation (e.g. Doswell et 

al. 1996, Figs. B.3 and B.4). The example of Fig. B.2 yields a 2 hour displacement vector 

of ~128 km (~18 ms-1 or ~35 kts) toward the northwest, an orientation slightly (~10°) to 

the east of the elongation axis.  

4. Results 

4.1 Sample climatology 

Before proceeding to the main results, it is of interest to estimate how 

representative our 4-year sample is of long-term climatology of precipitation. For that 

reason, we show distributions of the sample frequencies of hourly precipitation exceeding 

the two thresholds (Fig.B.3). The maps are based on Stage IV analyses for all hours of 

the day, and thus diurnal variations are ignored. 
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The 1 mm threshold during the winter (Fig. B.3a) displays a band of enhanced 

occurrence along a SW-NE oriented band from East Texas to the Central Appalachians 

Mts.  Maximum values along the band exceed 5%. The distribution for 5 mm wintertime 

threshold (Fig. 3B.b) is similar to the 1 mm pattern with maximum frequencies 

approaching 1.5%. The 1-mm summertime distribution (Fig. B.3c) shows maxima over 

the interior of the Florida peninsula and the panhandle region of the Gulf Coast. Other 

maxima tend to be clustered over the higher terrain of the Appalachians. Peak values for 

1 mm approach 6%.  Maxima for the heavy threshold are restricted to Florida and the 

Gulf Coast and they exceed 3% over Florida. The distribution of the 5 mm threshold 

closely resembles the 10-year climatology of cloud-to-ground lightning density of Orville 

and Huffines (2001, Fig. 3).  

Note that sample sizes can be inferred directly from frequencies in Fig.3. The 

total number of precipitation events at each pixel can be obtained by multiplying the 

frequencies of Fig. B.3 by the total number of hours in four seasons (90 days or 8640 h). 

The total number of events varies from a low value of ~50 at higher threshold to a high 

value of ~600 at the lower one. 

4.2 Temporal correlations for 4 km pixel 

Figures B.4 and B.5 show Te distributions for the winter and summer seasons and 

the different thresholds (1 mm, 5 mm). The estimates of the e-folding times were derived 

under the assumption of a Markov process as previously noted; the computation is done 

at every 4th 4-km pixel spanning the entire domain considered.  
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The estimates of Te for the wintertime 1 mm h-1 (Fig. B.4a) category exceed 2 

hours over a widespread region of the Gulf States and Southeast. The 5 mm category 

during winter (Fig. B.4b) also shows longest times over the same region, but unlike the 

light category there are virtually no events in the NW sector of the domain. The 

distribution is consistent with synoptic experience and the notion that locations with 

consecutive hours of heavy convection are confined to the Gulf Coast region, near the 

primary source region for moisture, and they rarely occur north of the Ohio River during 

winter. The 1 mm threshold contains several regions where the e-folding times are longer 

than 3 h: a band that largely overlaps with the 5 mm one, a secondary parallel band from 

Oklahoma to the northern Ohio River Valley, and a third distinct region centered over SE 

New York. The secondary band likely contains major contributions from precipitation 

events that occur north of the wintertime storm track, and we believe that the separation 

between the two bands is likely an artifact of our small four-year sample. The third region 

is associated with preponderance of baroclinic cyclones along the East Coast and surface 

easterlies ahead of the low.    

The e-folding estimates are much shorter during summer (Fig. B.5a and B.5b). 

Maximum Te values of up to 2 hours occur along an arc from central Texas into eastern 

Kansas. This region can experience long-lived outbreaks of organized convection 

associated with mesoscale convective systems (MCS) and mesoscale convective 

complexes (MCC) (Maddox, 1983), conditions under which localized heavy precipitation 

(5 mm h-1) can persist several hours.   Long e-folding times are also evident over 

southern New England for 1 mm h-1. We doubt that this is a robust feature,of the climate, 
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but rather a consequence of the unusually wet summer of 2003 which represents a fourth 

of our data. (It was the wettest summer to date for 13 states east of Mississippi River; see 

http://www.ncdc.noaa.gov/img/climate/research/2003/aug/06-08Statewideprank_pg.gif) 

Over most of the summer domain, however, Te values are less than 2 h for 1 mm h-1 and 

1 h for 5 mm h-1, which reflects a predominance of short-lived air mass thunderstorms in 

these areas. These results are not surprising, as the summer season possesses a 

preponderance of convective events with shorter lifetimes compared to longer lasting and 

more widespread winter events.  

It is evident that even more frequent than hourly sampling is necessary to properly 

resolve e-folding times shorter than 1 h. Such information would be particularly valuable 

for quantifying extremely heavy precipitation, say 25 mm h-1 or higher, or the particularly 

intense magnitudes that are often associated with local flash flooding. In fact, information 

at a sampling frequency significantly shorter than the eddy turnover time for cumulus 

convection might be necessary. This suggests that a similar climatology using ~5 minute 

analyses, and over several decades to sample many events, would be a valuable (but 

arduous) endeavor.   

4.3 Isotropic statistics for 4 km pixel 

 As discussed in section 3.2.1, the characteristic spatial scale of precipitation can be 

easily quantified under the assumption of isotropy Values of e-folding distance d were 

computed for two thresholds of 1 mm h-1 and 5 mm h-1 and both seasons.  

The winter distributions of d for the nominal 4 km Stage IV pixel (Figs. B.6a and 

b) are marked by long isotropic e-folding distances over the Southeast where maximum 
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values exceed 160 km for 1 mm h-1 over several states. The large spatial scale of 

precipitation is associated with the passage of wave cyclones and the frontal systems that 

are able to tap into Gulf of Mexico moisture. Wave cyclones that develop along the 

coastline would be particularly adept at producing widespread precipitation over the SE 

U.S. The e-folding distances shorten to less than 50 km within a distance of 1000 km to 

the NW, such as over the Upper Mississippi River Valley and Great Lakes region.  The 

statistics reflect that fact that the region is farther from the primary source of moisture, 

the Gulf of Mexico, and the saturation vapor pressure is lower in a colder climate which 

would yield smaller rainfall rates for the same vertical velocity.   The statistics of light 

precipitation in the colder climates are undoubtedly affected by the poor detection of 

snowfall too.  The WSR 88-D radars have difficulty detecting precipitation when the 

raindrops are very small or when the precipitation is in the form of snow; under these 

conditions precipitation estimates tend to be under estimated (Westrick et al, 1999). The 

general pattern of d is similar as the threshold is increased to 5 mm h-1 (Fig. B.6b). 

However, the events are more tightly confined to the SE and the maximum decorrelation 

scale drops to ~80 km. The geographic restriction and shorter scales reflect the 

convective nature of heavy precipitation in warmer climates. 

The contrast between the winter and summer (Fig. B.6c and B.6d) statistics is 

drastic. The Plains States contain the longest decorrelation scales, with d values for 1 mm 

h-1 exceeding 64 km from Central Texas to the Upper Mississippi Valley. On the other 

hand, d is half as large (~30 km) over the SE U.S. and Florida. The same pattern of 

regional enhancement is also evident at 5 mm h-1, but the magnitudes of d typically are 
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reduced by a factor of 2.  The larger spatial scales in the vicinity of 95° W coincide with 

the region where mesoscale convective systems and larger mesoscale convective 

complexes preferentially occur (Maddox 1983, Fritsch et al. 1986, Kane et al. 1987). 

Statistics over the rest of the domain reflect a stronger influence from smaller-scale air 

mass thunderstorms.  

As noted in the previous section 4.1, the high decorrelation values at 1 mm h-1 

over southern New England to New Jersey are believed to be an artifact of the record 

rainfalls during the 2003 summer and are not considered reproducible. 

While the isotropic assumption simplifies computation and physical 

interpretation, it is clear that uncertainty introduced by this method would be more 

pronounced in areas where the spatial structure of hourly precipitation distributions is 

more asymmetric. To quantify the impact of asymmetry, we show in Fig.B.7 the standard 

deviations of pixels that lie inside the annular region for the 1 mm threshold. A standard 

deviation of ~0.04 would correspond to a “noise” level of just over 10%, a level that 

might be considered an upper bound for isotropy being an acceptable assumption. The 

figure reveals that values greatly exceed 10% over the 99% of the domain during the 

winter. Values typically run a factor of 2 smaller during the summer, but they still exceed 

10% over most of the domain. This simple analysis indicates that isotropy is clearly a 

better assumption during the summer than the winter, but it also suggests that anisotropic 

considerations should not be ignored in either season.  
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4.4 Anisotropic statistics for 4 km pixel 

Fourier decomposition (section 3.3) was used to quantify the anisotropic nature of 

precipitation fields. The decomposition at each anchor point was computed at a radius Rc 

defined by the isotropic decorrelation scale d of Fig. B.6: Rc = d±ΔR and for annular ring 

of 8 km width (ΔR=4 km). The calculation was found to be insensitive to modest changes 

in the annular thickness (8 km vs.16 km).  The fraction of total variance explained by the 

first two harmonics provides a measure of the fidelity of this simple model for asymmetry 

(1st harmonic) and elongation (2nd harmonic).  Typically 60-90% of the variance is 

contained in the first two harmonics over the majority of the domain (72% during the 

summer, 85% during the winter), but in limited areas it does dip below 30% where 

isotropy becomes a more justifiable assumption. The fraction of total variance explained 

by the 2nd harmonic variance provides a measure of how good the elliptical model is in an 

aggregate sense.   

Figures B.8 and B.9 give the seasonal distributions of the eccentricity for the two 

thresholds. The eccentricity runs higher during the winter (Fig. B.8) than the summer 

(Fig. B.9). Average wintertime eccentricities are ~0.7, which corresponds to a minor to 

major axis ratio of ~0.7, and summertime values are ~0.5, which corresponds to a minor 

to major axis ratio of ~0.8. The greater elongation during the winter likely represents the 

modulating effect of the more frequent occurrence of strong baroclinic wave cyclones 

and concomitant frontal zones. There appears to be a tendency for the 5 mm h-1 

convective threshold to be more elongated than the measurable threshold, especially 

during the winter when the 1 mm h-1 rate is a better discriminator of stratiform events 
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than during the summer. The spatial variability of the eccentricity distribution during the 

summer seems higher than the winter, with the spatial variance being ~50% larger in the 

summer, but we are not clear whether this difference reflects actual physical differences 

between summer (stronger cumuliform contribution) and winter (more stratiform 

contribution) precipitation or a sampling fluctuation.  

The orientation of the major axis at each anchor point is indicated by the blue line 

segments in Figures B.8 and B.9.  A widespread preference for SW-NE elongation is 

evident during each season and for both thresholds. The one region of major discrepancy 

is located between 105°W and 102°W, immediately to the east of the Rocky Mts., where 

warm season systems are aligned more N-S. This is also a region of strong elongation 

(eccentricities 0.8 to 0.9 in Fig. B.9). The signal is consistent with convection systems, in 

a statistical sense, being aligned parallel to the N-S mountain ranges to the west and 

undergoing a transition as they propagate eastward (section 4. 4). Although accurate 

detection would be more problematic west of ~100°W (Maddox et al, 2002) and the 

sample size is small (c.f. Fig. B.3), our estimate is on the order of 50-100 non-

independent events during the 4-year sample, synoptic experience lead us to believe that 

the difference in orientation and elongation probably denotes a real feature of the summer 

precipitation climatology for the Western Plains.   

4.5 Mean propagation characteristics for 4 km pixel 

The in-situ temporal correlations of Figs. B.4 and B.5 provide no direct 

information about the direction of movement, speed, or the Lagrangian time scale. 

Although the organized precipitation structures may last for many hours to a several days, 
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in-situ statistics for a 4 km x 4 km pixel are a sign that individual cells appear to be short-

lived in a local, Eulerian sense.  

The black arrows of Figs. B.8 and B.9 give the estimated mean propagation 

vector, computed from (9) for lags τ = ±1 h (sections 3.2.2 and 3.3). Mean propagation 

speeds during the winter exceed 20-25 ms-1 over most of the SE U.S. for both thresholds. 

The mean movement is usually situated in a slightly more E-W direction than the 

dilatation axis (blue segments in figures), which indicates an angle between line 

movement and orientation that is much less then 45°in most regions. The relationship 

over the SE U.S. is consistent with SW-NE oriented cold fronts, squall-lines and rain 

bands moving in an ENE direction. The mean propagation speed during the warm season 

is a much slower value of 8-15 ms-1, a value which agrees with the meridionally-averaged 

radar reflectivity statistics of Carbone et al. (2002). The average speed is ~20% faster for 

the 5 mm h-1 category (9.4 ms-1) than for 1 mm h-1 (7.9 ms-1).  The preferred direction of 

movement is also more zonal during the summer. This means the propagation vector and 

dilatation axis are more skewed during the convective warm season, with the angle 

typically ranging from 45° to 90°. 

4.6 Spatial averaging  

Since a major goal is to evaluate model forecasts and climate simulations, it is of 

interest to examine comparable statistics for coarser resolutions that are consistent with 

those of weather and regional climate models. For sake of brevity, only in situ e-folding 

times and isotropic e-folding distances are discussed here. Before illustrating those 

results, we first show distributions of the frequency of occurrence, computed from hourly 
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precipitation rates over 16 km x 16 km (4x4=16 total Stage IV pixels) and 32 km x 32 km 

(8x8=64 total Stage IV pixels) grid boxes, in Figs. B.10 and B.11. The winter frequencies 

do not vary appreciably as the size of the grid box is increased from 4 km to 32 km. This 

is related to the characteristic large spatial scale of wintertime precipitation, when d 

typically runs much longer than 32 km (Fig. B.6a and B.6b) for both thresholds. On the 

other hand, summer frequencies behave differently. The 5 mm threshold shows that 

frequency steadily decreases as grid box increases, a result consistent with the spatial 

scale d on the 4 km grid for heavy precipitation rates being much shorter than 32 km in 

most regions of the CONUS (Fig. B.6d). The frequency for the 1 mm threshold clearly 

decreases as the mesh expands from 4 km to 16 km, but the frequency increases slightly 

from 16 km to 32 km because the expanded mesh size greatly raises the probability of 

including an isolated region (a few 4 km pixels) with very heavy warm-season 

precipitation (>> 5 mm h-1) of sufficient intensity to fulfill an 1 mm criterion. 

Seasonal distributions of e-folding times for the two larger grid meshes are 

displayed in Figs. B.12 and B.13, respectively. Comparison of Figs. B.12 and B.13 with 

their 4 km counterparts (Figs. B.4 and B.5) reveals very similar spatial distributions. 

However, subtle differences in the local magnitudes exist as the averaging scale 

increases. Table B.1, which shows the domain-average values of Te as a function of grid 

size, indicates that Te tends to increase as the grid size lengthens, with the biggest 

percentage jump occurring between the 16 km and 32 km. The statistics suggest that 

event persistence increases as the area over which precipitation is collected expands, but 

only slightly.     
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The seasonal distributions of e-folding distance, computed for hourly 

accumulations that exceeded the 1 mm-1 and 5 mm h-1 criteria on a 16 km and a 32 km 

mesh, are depicted in Figs. B.14 and B.15, respectively. Although the Stage IV data 

extend beyond conterminous U.S. east of 105°W, caution should be employed when 

interpreting the values at the boundaries, as up to half of the 512 km by 512 km window 

(e.g. Fig. B.2) over which the d values are computed over water or data sparse zones, 

where there are no or few gauges. In such regions the precipitation estimate is in essence 

based solely on radar reflectivity. The d values gradually increase as the grid size 

increases from 4 km to 32 km (cf. Figs. B.6, B.14 and B.15). The increase from 4 km to 

32 km typically runs ~10%, except during summer when it is ~50% larger for the heavy 

convective threshold (Table B.2). We also examined the sensitivity of the d estimates to 

the order of the averaging operator by comparing the results of Figs. B.14 and B.15 to the 

4 km results of Fig. B.6 averaged over a corresponding larger mesh. Except for the 

summertime 5 mm h-1 threshold, variations between the two methods are small (≤10%) 

and of varying sign, implying that the averaging procedure is approximately commutative 

for the hourly accumulation period and grid lengths examined. Although the order of the 

averaging operator is not important for our 1-h sampling interval and behaves as a linear 

system would, it is not clear whether this behavior would hold steadfast as the 

accumulation interval or grid mesh change to more extreme values. 

When comparing the statistics for different grid sizes, it is important to bear in 

mind that the events fulfilling the 1 mm h-1 or 5 mm h-1 criterion can decrease rapidly as 

the area increases.  Moreover, precipitation events on the different grid meshes are not 
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independent: hours during which a coarser grid satisfies the rate criterion must contain at 

least one 4 km x 4 km pixel (and usually many more than one) that also satisfies the same 

criterion, and hours during which a 5 mm h-1 event occurs inside a grid box are subset of 

1 mm h-1 of the events. This interdependence undoubtedly reduces the degrees of 

freedom significantly. 

 

5. Summary and Conclusions 

Documentation of the statistical properties of precipitation and 

understanding of the governing physical processes are necessary prerequisites for 

disentangling the weather-climate connection. We have documented in this paper the 

spatio-temporal statistics of hourly Stage IV precipitation estimates for the contiguous 

U.S. east of 105°W.  Characteristic space and time scales were computed for varying 

mesh sizes between 4 km and 32 km, and results were stratified by cool (DJF) season and 

warm (JJA) season for the four years 2002-2005.  

 The scope of this study warrants extension in several ways. We limited the 

analysis to a maximum accumulation of 5 mm in a one hour interval in order to obtain 

sufficient samples and coherent results.  However, statistics for rainfall intensities much 

greater than 5 mm h-1 are of great interest to forecasters and water managers as these 

events can produce catastrophic flash flooding. It is also of interest to examine longer 

accumulation periods and areas larger than 4 km by 4 km that correspond to hydrological 

catchments.   
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Small sample size also led to our decision to not consider diurnal differences in 

this paper. This was done in order to increase statistical confidence in the presence of a 

short time-series of an intermittent phenomenon and yet be able to maintain the spatial 

specificity that the 4 km Stage IV analyses provide. Hence, we decided to initially 

compute statistics without any attempt to discern the diurnal cycle. This is an undesirable 

shortcoming of the research since it is long-known that a substantial portion of the total 

variance of precipitation, especially rainfall from cumulus convection, occurs in the 

diurnal time band. Our decision was necessitated by having only four years of Stage IV 

analyses and our belief that it is best to err on the side of statistical reliability in order to 

generate fine-scale statistics that have a higher likelihood of being reproducible. 

Moreover, we believe that a “space for time” tradeoff is justifiable if the magnitude of 

spatial variance of the Stage IV precipitation fields is comparable to the magnitude of the 

contribution of in situ diurnal fluctuations to total variance. Although we have not 

presented space-time spectra of the hourly Stage IV analyses, we are not aware of any 

evidence that suggests the in situ variance in the diurnal time band is an order of 

magnitude greater than the average spatial variance in an hourly Stage IV analysis, which 

would invalidate our space-time tradeoff. When longer data sets become available, the 

full complexity of spatial and diurnal variations should be jointly analyzed at the nominal 

scale of the Stage IV analyses (4 km, 1 hour), including flow-dependent climatologies of 

precipitation and joint distributions of precipitation and other atmospheric parameters. 

The diagnostics presented here should prove useful for verification of regional 

meso-scale models with explicit representation of cumulus convection to global-scale 
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climate models with parameterized convection. They provide space-time variance 

information that atmospheric and land surface models should replicate. Faithful 

representation of observed variability is especially important for ensemble assimilation-

forecast systems since predictability error growth and ensemble dispersion depend upon 

the variance characteristics of the model (e.g. Simmons et al. 1995, Simmons and 

Hollingsworth 2002).  

Work is in progress that compares the statistical properties of the precipitation 

forecasts from the 12-km NCEP ETA model (with parameterized convection scheme) 

and 4-kmWRF model (with explicit representation of convection) against the Stage IV 

analyses for 2004 and 2005 warm seasons. Along with the kinds of spatio-temporal 

statistics described here, diurnal variations will also be examined in that paper, but at the 

cost of loss of spatial specificity in order to generate stable patterns. Results will be 

reported in due course. 
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Appendix B.1 

 
The radius of an ellipse in polar coordinates is expressed as: 
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the numerator can be expanded as: 

! 

(1" e2)1 2 =1+
1

2
"e2( ) +

1

2

1

2
"1

# 

$ 
% 

& 

' 
( 
1

2!
"e2( )

2

+
1

2

1

2
"1

# 

$ 
% 

& 

' 
( 
1

2
" 2

# 

$ 
% 

& 

' 
( 
1

3!
"e2( )

3

+ ... 

                  ...
1682

1

642

+!!!=
eee                                                                            (B.A.3) 

the denominator can be expanded as: 
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Multiplying eqns (3) and (4), and keeping the first two orders, the radius becomes: 
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Using identity: 
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Separating the constant and the (0th harmonic) and cos2θ (2nd harmonic) terms: 
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Note: the inclusion of higher order terms has been tested and proved to be insignificant; 

therefore, only the first four orders are kept for the calculation. 
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 = amplitude of the zero-th harmonic (mean), 
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Dividing eqn (7) by (8), a quadratic equation in e2 is derived: 
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In the limit that the second harmonic and eccentricity are zero, that is, the particular case 

of a circle, it is the positive root that satisfies these confines.  
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The eccentricity is found as: 
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                                 (a)                                                                 (b) 

  
                               (c)                                                                 (d) 
 
Fig. B.1 Comparison between Markov assumption (solid red lines) and empirical 
distributions (blue dash lines). Panels (a) and (b) in top row contrast the probability 
estimated by the Markov assumption of Eq (1) and a comparable empirically-derived 
distribution computed according to Eq (3). Panels (c) and (d) in the bottom row compare 
the Markov estimate and a less conditioned empirically-derived distribution computed 
according to Eq. (2). Vertical bars denote the standard deviations of the estimates with 
the bounds for the empirical distributions slightly offset to the right for clarity. Left 
column: winter; right column: summer. 
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Fig.B.2 Example of conditional probability patterns for 512x512 km grid (128x128 
pixels): (a) negative 1 h lag; (b) zero lag; (c) positive 1 h lag. Circles represent 8-km 
annular rings at various radial distances at which mean probabilities are calculated and 
the dots represent the centers of mass for each lagged pattern. Blue arrow and blue line 
segment in (b) denotes the phase and orientation of the first and second harmonics, 
respectively; solid black arrow denotes two-hour translation of the center of mass. See 
text for details. 

a) 

b) 

c) 
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                               (a)                                                                 (b) 
 
 

  
                               (c)                                                                 (d) 
 
Fig.B.3 Precipitation frequencies (percentage of total number of hour during the analyzed 
period): top panels: winter; bottom panels: summer. Left panels 1 mm h-1; right panels: 5 
mm h-1. 
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                               (a)                                                                 (b) 
Fig.B.4 Winter e-folding times  for two thresholds (a) 1 mm h-1; (b) 5 mm h-1 
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                               (a)                                                                 (b) 
 
Fig.B.5 Summer e-folding time (hours): (a) 1 mm h-1; (b) 5 mm h-1. 
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                               (a)                                                                 (b) 
 

  
                              (c)                                                                 (d) 
 
Fig B.6. Spatial distribution of e-folding distances (km). Top panels: winter; bottom 
panels: summer. Left panels 1 mm h-1; right panels: 5 mm h-1. 
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                                (a)                                                                   (b) 
 
Fig. B.7 Standard deviations associated with e-folding distance estimates: a) winter, b) 
summer.  
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Fig. B.8. Winter eccentricity (color shades), orientation (blue segments), and propagation 
(black segments): (a) 1 mm h-1; (b) 5 mm h-1.The elliptical orientation is shown only for 
the regions where the variance explained by the second harmonic exceeds 40%.  

(a) 

(b) 
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Fig. B.9 Same as Fig.8, except for the summer. 
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Fig. B.10 Winter frequencies for coarser grid meshes frequencies (percentage of total 
number of hour during the analyzed period); top panels: 16 km grid size; bottom panels: 
32 km grid size. Left panels 1 mm h-1; right panels: 5 mm h-1. 
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Fig. B.11 Same as in Fig. 10, except for the summer. 
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                                (a)                                                                 (b) 

 
 
                                (c)                                                                   (d) 
 
Fig.B.12 Spatially-averaged winter e-folding times; top panels: 16 km grid size; bottom 
panels: 32 km grid size. Left panels 1 mm h-1; right panels: 5 mm h-1. 
 
 
 
 
 
 
 



 

 

95 

  
                                (a)                                                                 (b) 
 

  
                                 (c)                                                                 (b) 
 
 
Fig.B.13 Spatially-averaged summer e-folding times; top panels: 16 km grid size; bottom 
panels: 32 km grid size. Left panels 1 mm h-1; right panels: 5 mm h-1. 
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                              (a)                                                                 (b) 
 

  
                              (c)                                                                 (d) 
 
Fig.B.14 Spatially-averaged winter e-folding distances; top panels: 16 km grid size; 
bottom panels: 32 km grid size. Left panels 1 mm h-1; right panels: 5 mm h-1. 
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(a) (b) 
 

  
 
                              (c)                                                                 (d) 
Fig. B.15 Spatially-averaged summer e-folding distances; top panels: 16 km grid size; 
bottom panels: 32 km grid size. Left panels 1 mm h-1; right panels: 5 mm h-1. 
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Table B.1. Domain-averaged decorrelation times for the three indicated pixel sizes.  

Winter Summer  
Domain Averaged 
Decorrelation 
Time Scale (hr) 1 mm h-1 5 mm h-1 1 mm h-1 5 mm h-1 

4 km 1.82 0.83 1.38 0.71 

16 km 1.87 0.98 1.48 0.77 

32 km 2.05 1.05 1.68 0.85 

 

 

 

Table B.2. Domain-averaged decorrelation lengths for the three indicated pixel sizes. 

Winter Summer  
Domain Averaged 
Decorrelation 
Length Scale 
(km) 

1 mm h-1 5 mm h-1 1 mm h-1 5 mm h-1 

4 km 103 42 52 21 

16 km 109 44  54  24 

32 km 113 50 57 37 
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ABSTRACT 

The space-time variance in the observed precipitation fields constitutes crucial 

information that models should replicate. The precipitation forecasts from the 12-km 

National Center for Environmental Prediction (NCEP) ETA model (with parameterized 

convection scheme) and 4-km Weather Research and Forecast (WRF) model (with 

explicit representation of convection) are compared against the Stage IV analyses for 

2004 and 2005 warm seasons. First, we test the ability of the models to reproduce the 

diurnal cycle, temporal and spatial coherence, and mean propagation over the continental 

U.S, east of the continental divide. The WRF model shows good agreement in 

reproducing the observed distribution of the strength in the diurnal cycle, although the 

observed phase propagation signal is not so well reproduced. Both temporal persistence 

and spatial decorelation scale are much better reproduced by the WRF forecasts; in 

contrast, the Eta forecasts overestimate both the temporal and spatial scales. The speed of 

propagation of the storm systems proved to be underestimated by both models at 12km 

grid spacing, but was much more accurate at 4km. Spatial 2D Fourier decomposition 

shows that WRF reproduces the variability observed in Stage IV at almost all scales, 

whereas Eta spectrum fails to reproduce scales shorter than about 200 km.  

Our results indicate that explicit treatment of convection is superior over the 

parameterized schemes in reproducing statistical measures for spatio-temporal coherence. 
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1. Introduction 

A critical aspect of any geophysical model is its ability to reproduce observed 

behavior. Representing physical processes can be challenging due to lack of 

understanding of the processes and inability to resolve the scales that are important to the 

process. Numerical weather prediction (NWP) models employ a variety of different 

numerical and physical parameterizations to represent unresolved processes; hence 

variability may differ significantly between models. Nonetheless, they should be in 

agreement with the observed fields.  

There are many methods for evaluating the quality of atmospheric forecasts. The 

problem for precipitation is somewhat more complicated given its discrete and 

intermittent nature. In terms of precipitation-producing mechanisms, the cumulus 

convection can be either parameterized or explicitly represented. 

Traditionally, precipitation forecasts are evaluated by comparing the first moments 

(mean accumulations or mean frequencies) against observational data; usually this is 

accomplished by simple point-to-point comparisons in which the forecast field is 

matched to an observation point. Then, a variety of skill scores, such as the bias or the 

equitable threat (for the binary, yes/no occurrence) and root mean square or mean absolute 

error of the mean fields (for the continuous fields) are frequently used to measure the 

correctness of the forecast (Brown et al. 2004). Of course, the accuracy of such a 

comparison is subject to the problem of selecting the best available observational dataset. 

Thus, the quality of the available observational dataset along with the information the 

user hopes to distill, dictate the choice of method used to evaluate the forecast. However, 
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because of the skewness of the precipitation distribution, the traditional mean and 

standard deviation are not representative for describing the location and spread of the 

forecast and the observation distribution.  For the mesoscale numerical weather models, 

useful methods for verifying the performance of high-resolution, detailed forecasts 

remain an ongoing challenge.  

Cloud-resolving models are able to simulate the propagation of the organized 

convection (Moncrieff and Liu 2003); simulations from high-resolution models with 

explicit convective representation were found to be in agreement with the structure of 

warm-season episodes documented by Carbone (2002). Also Weisman (1997) and 

Adlerman and Droegemeier (2002) have concluded that reducing the grid spacing is 

conducive to better simulation of mesoscale structures and their evolution. However, it 

has been pointed that the explicit treatment of convection in NWP does not necessarily 

provide a better point specific-forecast, but rather a more accurate depiction of the 

physics of convective systems (Done et al. 2004). Therefore, since even slight errors in 

location and timing of convection can affect the accuracy of prediction, especially for 

single unequivocal forecasts, it is of great relevance to determine the spatial and temporal 

structure of observed fields and assess the realism of the analogous modeled fields. This 

should include evaluating the model’s skill in reproducing the spatio-temporal coherence 

as derived from observations.  In the context of mesoscale precipitation verification, a 

comprehensive study by Mass et al. (2002) pointed out the need for additional tools such 

as temporal or spatial shifting of model fields. This paper is in their spirit in devising new 

approaches to quantify and verify the model structures. 
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Here we evaluate the performance of two mesoscale models by examining the 

temporal and spatial modes of their predicted rainfall.  This work extends the application 

of statistical techniques as developed in Kursinski and Mullen (Appendix B, hereafter 

KM) to evaluate forecasts from two mesoscale models: WRF and Eta. While the Eta 

model is the current NCEP operational model, the WRF model is a newer model that has 

a more complex goal of “advancing both the understanding and prediction of important 

mesoscale weather, and promoting closer ties between the research and operational 

forecasting communities” (Klemp 2002). 

This paper is organized as follows: Section 2 describes the data sets used in this 

study. Section 3 describes the statistical procedures, Section 4 discusses regional results 

of the statistical analyses, Section 5 summarizes and discusses the overall assessment of 

the two models’ performance and their implications. Concluding remarks are given in 

Section 6.   

1. Data – model description  

Three datasets are used throughout this paper: one observational and two models. 

The first dataset is the Stage IV precipitation field.  This consists of precipitation 

estimated on 4 km square pixels, every hour forming a grid over the continental US.  The 

precipitation estimates result from merging radar and rain gauge measurements produced 

by the 12 River Forecast Centers (RFC). The regional products are then mosaicked into a 

national product.  We use data for June and July of 2004 and 2005 (a total of 122 days), 

corresponding to the summer WRF experiment.  
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The second dataset is an output from the WRF 2004-2005 summer experiment 

that consists of daily 36-h forecasts at 4 km horizontal grid spacing, with the domains 

centered over the central US. Initial fields come from the latest available operational Eta 

(40-km smoothed from 12km).  During each forecast cycle, lateral boundary conditions 

were specified from 3-h output from the corresponding Eta.  The third data set is the 

operational Eta daily 48-h forecasts run at 12-km for a domain encompassing all of North 

America.  The lateral boundary conditions for Eta were specified from the Global 

Forecast System (GFL).  

Both models were initialized at 0000 UTC. More specifics about the model 

configurations are summarized in Table C.1. Because the WRF 2004 domain is smallest, 

we limit our comparisons to the portion of that domain that is over the continental US 

east of 105oW. Also WRF exhibits a spin-up problem in the first forecasting hours due to 

the cold start initialization from the ETA model, a problem that has been widely 

recognized within the NWP community. To avoid this problem and for consistency, we 

analyzed the 24-h forecast period starting from 12h until 36h forecast for both models. 

 

3. Methods  

 The methods are described in more detail in KM, so only a brief overview will be 

presented here. Because the Eta grid spacing is 12 km and the time resolution is 3 hr, the 

WRF and the Stage IV data were aggregated onto 12-km grid tiles and 3h accumulation 

precipitation fields for comparison.  We also provide comparisons between WRF and 

Stage IV at their full 4-km and hourly increments. To facilitate the comparison between 
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the fields from three different sources on three different map projections, the fields were 

projected onto a common geographical grid. We use the nearest neighbor algorithm, which 

simply assigns to each pixel the value of its nearest neighbor, by measuring the Euclidian 

distance of the 4 surrounding pixels and selecting the value of the closest pixel. 

3a. Mean frequency and diurnal cycle 

The mean frequency of occurrence of precipitation within each grid exceeding 

thresholds of 1 and 5 mm/h is calculated to define one aspect of the 2-yr summer 

climatology of precipitation. To determine how precipitation varies over the diurnal 

cycle, the frequency of the precipitation for each hour of the day is calculated.  The 

resulting precipitation frequency versus time of day is processed through a 1-D Fourier 

transform.  The fraction of total variance explained by the 1st harmonic indicates the 

strength of the diurnal cycle, while the phase of the 1st harmonic indicates the hour of 

maximum occurrence.  

3.b Temporal correlation  

The persistence of precipitation was determined from transition probabilities 

under the assumption of a Markov process. This assumption provides an easy estimate of 

the correlation, r, between the set of rain rates at a location and the same set of rain rates 

shifted by n time-steps 
n
r  directly from the lag -1 autocorrelation 

1
r  (KM):  

1

n

n
r r=                                                                                                             (C.1) 

where each lag represents a 3-h interval. The number of lags at which the autocorrelation 

drops to e-1 represents the e-folding time. 
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3.c Spatial correlation  

The spatial decorrelation scales are derived assuming isotropy.  A grid of 504 km 

x504 km (42x42 12-km pixels and 126x126 4-km pixels) was used to compute the spatial 

coherence of precipitation: the probability, P, at an arbitrary location and time is 

conditioned on the event occurring simultaneously at the center of the domain, termed the 

anchor point, or  

P[(x,y,t)|P(x0,y0,t)=1],                                                                                     (C.2) 

where (x0,y0) is the anchor point, (x,y) is any point within the 504 x 504 km domain, and t 

is any time during which the anchor point receives rain. Conditional probability maps are 

derived for every pixel (anchor point) and then averaged values are computed in annular 

rings away from the anchor point. The e-folding length d is defined as the distance at 

which the average probability drops to 1/e.  

To determine how precipitation threshold is related to the decorrelation scale, we 

computed the decorrelation scale over a range of different thresholds from 1 mm h-1 and 

5 mm h-1.  Although understanding behavior at thresholds greater than 5 mm h-1 would 

have been desirable for instance to better resolve heavy downbursts associated with flash 

flooding, the limited number of > 5 mm h-1 events during the 122 days dataset lead to our 

decision to limit the maximum threshold to 5mm h-1. 

 

3.d Anisotropy and mean propagation 

 A fairly recent topic in diagnosing the sources of errors in a forecast has emerged 

as an object-oriented verification technique (Baldwin et al. 2002a, Brown et al. 2004). 
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With this approach forecast and observed precipitation areas are defined and then 

matched to each other in order to gain relevant verification measures (e.g., displacement 

errors, size of the overlapping area). Our aim here is not so much focused in identifying 

the objects (since we derived conditional probability patterns as our objects) but in 

obtaining the spatial anisotropy of those precipitation patterns.  We computed the 1D 

Fourier transformation of the conditional probabilities defined by (C.2) in the azimuthal 

direction along circular rings, at the isotropic decorrelation radius from the anchor point. 

The amplitude and phase of the first harmonic provide a measure of the asymmetry of the 

rainfall distribution about the anchor point; the amplitude and phase of the second 

harmonic are related to the eccentricity and the orientation of the major axis, respectively 

(KM). To obtain statistics of the motion of the precipitation pattern, conditional 

probability maps were also generated at different time lags, τ.  

P[(x,y,t+τ)|P(x0,y0,t)=1],                                                                           (C.3) 

Given the shorter period analyzed, the anisotropic technique was amended from the 

initial method described in KM.  To extract any signal that may be contained in the 

temporally-lagged conditional patterns generated from only two years of data, a 

smoothing operator was applied to the conditional probability estimates within a 

decorrelation length radius (computed from the observations) of any given anchor point. 

The smoother has an inverse squared distance weighting from the anchor point, as 

described in (C.4): 

! 

P(x,y,t) =
j= 0

d /"y

# P(x,y, t) |P(x0 + i"x,y0 + j"y,t) =1[ ]exp $
(i"x)2 + ( j"y 2)

d
2

% 

& 
' 

( 

) 
* 

i= 0

d /"x

#        (C.4) 
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The mean translation of the precipitation pattern over a 6 h interval can be estimated from 

the positive and negative time-lagged patterns derived via (C.4). A correlation matrix 

between the time-lagged pattern of (C.4) and the 0 h lag pattern of (C.2) was used to 

estimate pattern displacement (KM). 

3.e Spectral Analysis 

A complementary method for determining the spatial variability over a wide 

range of scales is provided by spectral analysis. The method provides a global measure of 

smoothness and organization in the structure of the precipitation field (Harris et al 2001), 

but contains no spatial specificity.  

  Our Fourier analysis of precipitation is motivated by two considerations. First, 

we want to assess the degree to which the models capture the observed structure over a wide 

range of scales.  Second, we want to know whether simple power law scaling applies to the 

model precipitation and whether it resembles the behavior observed for kinetic energy.  

Applying a two-dimensional Fourier analysis to the model and stage IV 

precipitation over an area of roughly 1600x1600 km (Fig. C.11) yields the complex 

amplitudes of the sinusoidal harmonics corresponding to each wavenumber p and q in x 

and y direction, respectively.  Using the technique of averaging in annular rings (Errico 

1985), the one-dimensional wave number, defined in (C.5), is obtained.  

! 

k = p
2 + q2( )                                                                                                  (C.5) 

Successive values of k are calculated from averaging in annular rings, spaced in wavenumber 

space by the minimum wavenumber 

! 

"k : 
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! 

k "
1

2
#k < p

2 + q2( ) < k +
1

2
#k                                                                       (C.6) 

The module of these complex amplitudes constitutes the spectral energy function, which 

will be discussed in section 4.e. 

4. Regional analyses 

The results of our statistical analyses presented in sections 3a through 3d are 

shown in Figures C.1 through C.6. Based on our observation of the diurnal cycle analysis, 

we focus in our regional discussion of the statistics on two regions that exhibit strong 

diurnal cycle: the central plains and southeast states. We first present the outstanding 

features resulting from our statistical analyses as derived from Stage IV, and then 

compare the model performance in these regions. 

4.a Central plains region 

The Stage IV results of the frequency of precipitation occurrence in the central 

plains states reveal an increase in occurrence from west to east, especially in Oklahoma 

and Kansas, more pronounced at the low threshold (Fig. C.1, top row). A strong diurnal 

cycle signature extends from Oklahoma to South Dakota, with high magnitudes of the 

fractional variance explained by the diurnal mode of 80% and 90% (Fig. C.2, top row). A 

very coherent feature, the meridional banding in diurnal phase apparent in Stage IV (Fig. 

C.3, top row) indicates a strong signal of west-east precipitation propagation from 

Colorado across the Central Plains in the Stage IV data noted by other researchers (e.g., 

Carbone et al. 2002). The speed of propagation implied from these features and the 

speeds computed as described later in section 3d are in general agreement; for example, 
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the peak observed in the zonal component of velocity near the Kansas/Nebraska border 

matches the higher speeds observed in Fig. C.6, along that zonal band. South of that 

border, the speeds are slower, but increasing from west to east, consistent with west-to-

east increasing e-folding times (Fig. C.4), and relatively constant e-folding distances (Fig. 

C.5). 

In most of the central states, WRF and Stage IV show similar patterns in the 

fractional variance explained by the diurnal mode (Fig. C.3, top and middle rows) 

However, the areal extent of strong variance in diurnal cycle does not extend as far east 

as observed in Stage IV. The Stage IV precipitation over the central plains peaks in the 

early morning hours (6-9Z) while WRF somewhat underpredicts the areal extent of the 

nocturnal peak hours, consistent with the findings of Knievel et al (2004). Furthermore, 

the meridional banding is not well captured by the WRF model. WRF does not propagate 

the diurnal convective precipitation patterns as far east as it is occurring in reality. Our 

results reveal significantly weaker meridional banding than the results of Davis et al. 

(2003) who analyzed a version of WRF with parameterized convection presumably in 

part because they meridionally-averaged the WRF precipitation.  Davis et al. (2003) point 

out that WRF propagation were poor.  

While Eta somewhat captures the Central Plains nocturnal maxima, it does not 

eproduce the dominant signal of the diurnal cycle, which in turn leads to propagation 

errors as earlier noted by Davis et al 2003. The e-folding times for the Eta are typically 

50% longer than Stage IV or WRF, and the Eta fails to mimic the localization of 

maximum persistent over Central Texas thru East Kansas. The direction of propagation in 
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the Eta is basically eastward and thus is closer to observations than ESE propagation of in 

the WRF (Fig. C.6). On the other hand, the propagation speed is slower in Eta than in too 

slow WRF. 

4.b Southeast region 

The southeast region, defined as the states east of Mississippi River and south of 

Kentucky/Tennessee border, shows a homogenous distribution of Stage IV precipitation 

occurrence for both thresholds; most of this rainfall has a diurnal behavior, as the high 

values of Fig C.2 (top row) indicate. The diurnal rainfalls are more frequent in the 

afternoon (western areas) and early evening (eastern areas). The temporal and spatial 

coherence show similar patterns with lower e-folding times and distances over Alabama 

and Georgia, but with an enhanced band starting from Mississippi, northwest Alabama 

and up to Tennessee. The orientation and propagation shown in Fig. C.6 reveal that 

indeed, along that band the velocities and dilation axis are more parallel, indicative of 

more persistent systems, a feature that is not observed in either of the models. Higher 

propagation speeds are noticed along the Gulf states and over much of Alabama (10m/s) 

and then gradually decreasing towards inland locations.  

Several notable points arise when comparing all these observed features with their 

corresponding model derived counterparts. As such, WRF does a better job than Eta in 

capturing both the strength of the diurnal cycle and its phase (Figs. C.2 and C.3). Eta 

displays earlier hours (up to 6h) than observed; this early bias becomes worse at higher 

rate, sometimes out of phase. Both the temporal and spatial scales are highly 

overestimated by the Eta forecasts over this region, particularly at the lower rates, but 
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with similar but weaker tendecies in WRF (Figs C.4 and C.5).  The speeds observed in 

Stage IV are under-predicted by both models, especially by Eta (Fig.C.6). On the other 

hand, the direction of propagation in Eta is closer to observations (SW-NE), while the 

direction in WRF exhibits a more zonal flow. 

 

5. Overall assessment of the models 

First, the climatology of precipitation occurrence is shown in Fig. C.1, for two 

thresholds. Both climate models (Dai et al. 1999) and mesoscale models (Knievel et al. 

2004) tend to overestimate the frequency of light events.   As Fig. C.2 shows, Eta indeed 

overestimates the 1 mm over 80% of the domain. The systematic overestimation in Eta 

may be related to its convective being too easy to trigger, overproducing rainfall even in 

weakly unstable conditions. At higher precipitation rates, WRF overestimates the 

frequency of the events (Fig. C.7), and Eta actually underestimates the frequency (Fig. 

C.7).  Nonetheless, both models are closer to the observed frequencies at individual 

locations with lower variances of only 1.3% (Table C.2).  

5.a Diurnal frequency 

The patterns of fractional variance explained by the 1st harmonic and of the phase in 

the Stage IV and WRF data are generally similar (Figs. C.3 and C.4). However, as noted 

in the previous section, the most striking shortcoming on WRF was the failure to 

reproduce strong meridional banding. The deficiency in propagation is related to the fact 

that the diurnal cycle in the WRF exhibits less spatial coherence, which suggests that its 
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convection is not sufficiently modulated by the underlying terrain; in fact the variance 

seen in WRF is evident in the spectral analysis as we will present in section 5e. 

Eta’s depiction of the diurnal cycle is much less accurate. Particularly in the 

southeastern region of the country, its representation of the diurnal cycle of precipitation, 

is poor, with peak times up to 6 hours earlier than in the Stage IV analysis; this diurnal 

timing bias that may be due to its convective parameterization and inadequate vertical 

resolution producing relatively little convective inhibition causing convection to trigger 

with relatively little surface heating. The impact of specified profiles for temperature and 

moisture used in BMJ have been amply documented in Baldwin et al. 2002b. They 

concluded that misleading vertical structures can affect model parameters such as CAPE 

and CIN. 

Comparison at 4km grid spacing between WRF and Stage IV shows that there are 

no significant differences in the phase of the diurnal cycle when compared to their 

corresponding coarser grids discussed in section 4a. However, the fractional variance 

explained by the first harmonic is notable less than in both Stage IV and WRF compared 

to their corresponding coarser variances. The areas with significant variance in the 

diurnal mode are similar in the two sets, but less extensive for WRF than Stage IV and 

also lower percentages are produced by WRF: 60% compared to 70-80%.  

 

5.b Temporal correlation – e-folding time 

The e-folding times for the two models and for the observations are shown in 

Fig.C.5. The e-folding time represents the typical duration of precipitation events over a 
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fixed location, which is due to a combination of the temporal length of the precipitation 

event and the time for the event to propagate over the location, which is given by its 

spatial extent along the direction of propagation divided by its propagation speed. 

The e-folding times of the observations and WRF forecasts are similar, with longest 

times of 5h along central TX, OK and AK, and from northern Alabama, Tennessee, up to 

Pennsylvania; the Eta times are also longer (up to 8h) in the same regions: from central 

Texas up in the central plains and along an arc bordering the Appalachians. In a domain-

averaged sense, the Eta times (5.5 h) are almost a factor of 2 longer than both Stage IV 

and WRF (3h). Then again as the threshold increases up to 5mm/h shorter lived events 

are expected, with the average e-time decreasing to less than 2h for Stage IV and WRF, 

but to about 3.5h for Eta. 

The variance for the difference between the e-folding times from Stage IV and 

WRF is less than 1h for both thresholds (Table C.2). Furthermore, over 80% of the 

domain for both thresholds is contained within +/- 1h interval for (WRF-Stage4) 

difference as indicated by Fig. C.8; for the rest of the domain, there are regions where 

WRF model overestimates the persistence over the northern central plains (more 

pronounced at the high rate), while it underestimates the time over the eastern parts of 

Texas and Oklahoma (more pronounced at the low rate).  Overall, one may infer that 

WRF has considerable skill in predicting the persistence of the rain events.  

Not only is the standard deviation for the Eta-Stage IV difference higher than for 

WRF (1.3h for low threshold and 1.5 h for the higher one for, as shown in Table C.2), the 

distribution of the errors is clearly shifted and more skewed to the right.  This produces a 
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bigger bias of 2.6h at lower rate and 1.8h at higher rate.  Thus, the percentage of the total 

domain where the difference lies within +/- 1h is only about 10% and 30% for the two 

thresholds respectively (Fig. C.8). One simple, intuitive way to interpret the longer 

persistence is via correlation with overactive frequency pattern: the more frequent events, 

the higher the probability of having high serial correlation among them; however, at the 

higher rate, where the frequency is not so much over-predicted, this might not be the case 

anymore; the alternative explanation might be related to the large spatial extent of the 

precipitating system which, assuming everything else the same, will just last longer than 

a smaller system, especially if the model doesn’t simulate the propagation of rainfall 

systems properly. Both the spatial scales and propagation will be discussed in the 

subsequent sections. The positive bias is consistent with events being too persistent and 

too large in scale. 

 The temporal persistence at 4 km is shown in Fig. C.10. At 1 mm h-1 the majority 

of the domain is dominated by events no longer than 1.5 hours, with limited areas of 2.5 

hours; At 5 mm h-1, the average time is 1h or less. As for the 12km comparison, the e-

folding times distribution of errors indicates that for about 80% of the domain the errors 

within +/- 0.5 h. Consequently, we conclude that the WRF model shows good skill in 

estimating the temporal persistence. 

 

5.c Spatial correlation – e-folding distance 

As observed in the temporal comparison, the spatial scale analysis reveals the same 

tendency for WRF and observations to be closely aligned but for Eta to produce much 
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longer decorrelation lengths: while WRF somewhat overestimates the extent of regions 

with larger scales observed in the Stage IV, the Eta model exceedingly generates scales 

higher by a factor of two at the low threshold of 1mm (Fig. C.5).  

The domain average distance is about 100 km for Stage IV and WRF, while for Eta 

the distance is greater by a factor of 2. However for the heavier events, the average 

decorrelation length reduces to only 60 km for Stage IV and WRF, and about 100 km for 

Eta. 

The spatial scales reveal differences between Stage IV and WRF with slightly 

higher variance at low rate (28 km) than at the higher rate  (23 km); the model 

underestimates the scales mainly right along the Gulf coast region, and overestimates the 

scales for the northern plains and east of the Great Lakes. Nonetheless the distribution of 

errors is quite symmetric for both thresholds (Figs. C.9, top row), preventing a diagnostic 

for systematic errors in WRF. On the other hand, The Eta model displays excessive scales 

for all the regions, with systematic positive bias in the error distribution and considerable 

variance (Table 2 and Figs. C.9, bottom row). These much longer distances could be 

explained by the weakness of the convective scheme that produces too much grid-

resolvable precipitation and too little convective precipitation. While WRF has physics 

that allows for development of small-scale structures, the Betts-Miller-Janjic (BMJ) 

scheme used in Eta will likely produce adjacent grid points with similar profiles. Also, 

the BMJ scheme does not include convective downdrafts. Therefore the model may have 

a difficult time initiating convection as the result of outflow boundary interaction; instead 

it will likely capture convection initiation as the result of synoptic-scale forcing 



 

 

117 

The analyses of 4-km hourly precipitation fields from Stage IV and WRF reveal e-

folding distances that are not unexpectedly shorter than at the coarser 12-km grid size 

(Fig. C.11). Although the domain-averaged values are similar, the error spread is more 

substantial at lower rates, as the values in Table C.3 indicate.  WRF overestimates the 

scales for the higher rates, while it slightly underestimates them at low rates. It appears 

that the variances are more notable at higher resolution, with standard deviations 4 times 

larger than the grid size, while at the coarser resolution this factor was only 2; overall, the 

combination of low biases and appreciable variances are underling the idea that point 

specific-forecast might not be very accurate, but rather the depiction of the physics of 

precipitation systems. 

The dependence of the domain averaged decorrelation lengths on the precipitation 

threshold is shown in Fig.C.12. As expected, the scales reduce with increasing the 

threshold. Despite the differences in magnitudes among the three sets, they all show 

similar analytic forms: power law dependence is found to be the best representation, with 

powers varying from 0.33 (Stage IV) to 0.44 (Eta). The power law dependence could be 

an indication of a simple scaling between the size of the storm and the rainfall rate 

(threshold); testing this hypothesis is beyond the scope of this study. 

5.d Anisotropy and mean propagation  

Fourier decomposition described in section 3d is to get information about the spatial 

modes of variability. The fraction of total variance explained by the first two harmonics 

provides a measure of the fidelity of this simple model for asymmetry (1st harmonic) and 

elongation (2nd harmonic). The variance explained by the first two harmonics typically 



 

 

118 

accounts for about 80% of the domain: 81% for Stage IV and 77% for WRF, and 70% for 

Eta (figures not shown).  

The eccentricities are shown in Fig. C.6, by the color plot, with high values 

specifying elongated systems while the low values indicate more circular patterns. They 

were evaluated at distances corresponding to each location’s decorrelation length as 

observed in the Stage IV analysis. Fairly similar eccentricity values are generated in all 

three statistics; however, the areal extent of the highly elongated regions is more limited 

in the Eta, implying a more isotropic structure than the other two. Usually, the areas with 

high percentage variance explained by the 2nd harmonic coincide with regions with 

eccentricities exceeding 0.7; in other words, the elliptical model is a better estimator for 

WRF and Stage IV, where the extent of high variance accounts for 50%, than for the Eta 

model, where these regions don’t exceed 30% of the total domain. The orientation of the 

major axis at each anchor point is indicated by the blue lines. The Stage IV orientations 

show a preference for mainly the SW-NE direction. WRF shows a tendency for more 

zonal orientations (WSW-ESE).  A SW-NE elongation does mark ~80% of the Eta 

domain, but an egregious SE-NW orientation that is orthogonal to observations exists 

over the Southeast. 

The mean movement, as indicated by the black arrows in Fig. C.6, illustrates that 

WRF and Stage IV have a more uniform zonal flow, although WRF has a more 

pronounced southern component for the direction of propagation. A similar southward 

bias in propagation was reported by Done (2004). The general pattern of propagation 

speeds that emerges from Stage IV analysis, with magnitudes in the range of 6-8m/s for 
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the regions south of 40N and 10-12 m/s for north of 40N, is generally observed in both 

models: lower speeds in the southern and southeastern parts but higher north of 40N. 

Under-resolved grid-scale convection has been recognized as a roadblock to represent 

propagation of convection, even when the convective parameterization is active 

(Moncrieff and Klinker, 1997). However, the magnitudes are underestimated in both 

models, with Eta showing more variability in the direction of the propagation.  

A number of points are worth mentioning when inspecting the differences (errors) 

between the propagation velocities and speeds predicted by models and those observed in 

Stage IV: the errors in velocities and speeds are higher in Eta than in WRF (Tables C.4 

and C.5); the differences are more pronounced at higher rates; a southward tendency for 

the direction of the WRF, implying a predilection for the model to lock the direction of 

movement closer to the source of moisture (Fig. C.6). 

The 4 km comparison between WRF and Stage IV indicates the spatial structures 

are more isotropic on the 12 km aggregate grid. The propagation vectors show the same 

tendency for deleterious southward propagation at 4 km (Fig. C.13), especially for the 

higher threshold. Table C.4 shows differences in both the velocities and the magnitudes 

(speed). The model falls short to predict the direction of movement and the speed of 

propagation for the low thresholds. On the other hand, the magnitudes are closer at the 

higher rate, implying a better performance when the comparison is performed on the 

model’s 4 km native grid.  
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5.e. Spectral analysis  

The time-mean spectra from the daily 2-D Fourier transforms (performed over a 

wide region shown in Fig. C.14) are shown in Fig. C.15. While the Stage IV and the WRF 

spectra agree closely for the smaller wavelengths, the variance of the Eta model drops off 

much faster starting at 200 km scale. This indicates that the Eta doesn’t capture the small-

scale variability, consistent with the high decorrelation lengths. 

  The spectra slope of the small-scale portion of the spectra are estimated by linear 

regression between the logarithm of spectral power and the logarithm of wavenumber, 

from which a relation of the type E = kb can be defined where b is the spectral slope. The 

spectralslope is much smaller for WRF and observations (-1.56 and -1.61) than for Eta (-

2.32). The WRF and Stage IV spectra appear to possess slopes close to -5/3 value that 

characterizes observed (Nastrom and Gage 1985) and WRF (Skamarock 2004) kinetic 

energy spectra for the mesoscales. The Eta slope is closer to the -3 of larger scale kinetic 

energy as reported by Skamarock (2004). 

 Spectral analysis performed on 4-km hourly fields reveal that power contained in 

the high wavelengths is lower than the corresponding ones from the coarser grids. This 

implies less organization than their coarser grid and longer accumulation counterparts. 

Then as the wavelength decreases, the Stage IV and WRF have roughly the same slope, 

until about 20 km where WRF decreases faster than observations. The model’s decay at 

the highest resolved wavenumbers compared with observations may indicate power removal 

by the model’s dissipation mechanisms. A 20 km wavelength represents a factor of 5 
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higher than the grid scale, which was also reported by Harris et al (2001) as being the 

ratio beyond which the model precipitation variability agrees with the observed fields. 

6. Summary and Conclusions 

Here we present several measures to evaluate the performance of two mesoscale 

models: NCEP Eta model and the NCAR WRF model from the 2004-2005 summer 

experiment. Although the model configurations and study periods differ, our analysis of 

the diurnal cycle concurs with prior studies (Knievel et al 2004, Davis et al 2003): the 

WRF with explicit convection is in much better agreement with observation than the 

operational Eta with parameterizated convection. 

The spatio-temporal coherence of the precipitation fields over the Central and 

East U.S. was investigated. The e-folding times and spatial scales are greatly 

overestimated in the Eta model for the low rainfall rates (1mm), but less so for the higher 

rates (5mm). The WRF performed superior to the Eta and was able to reproduce the 

observed temporal persistence scales and spatial decorrelation scales. 

The anisotropy and mean movement were also examined to quantify the models’ 

ability to replicate the time-mean direction and orientation of precipitating systems. 

Conditional probabilities for precipitation from Stage IV and WRF forecasts were 

geometrically modeled to represent the storm structure as elliptical distribution. The 

geometric model explained more than 50% of the variance over more than half of the 

domain for Stage IV and WRF, but less than 30% of the domain in the the Eta model. The 

propagation speed of the storm systems is underestimated by both models, a bias that 
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increases with rainfall rate. Verification on the WRF’s 4km grid revealed that the 

propagation speeds were closer to those observed for the higher thresholds, but no 

noteworthy changes in the directional errors were noted. The problem of misrepresenting 

the propagation should be further addressed in more rigorous way where the synoptic 

climatology of convective modes (e.g., bow echoes, squall lines, super cell, MCS, pulse) 

would serve as a basis of stratifying performance. For example, cold-season climatology 

for bow echoes over the continental US has been produced by Burke and Schultz (2004) 

for a 4-year period, and similar analysis for the models during warm season could be 

illuminating. As the archive of Stage IV analyses grows, verification studies based on 

convective phenomena that contain sufficient samples to yield robust results will become 

feasible. The spatial Fourier methodology presented here may prove useful in 

determining the spatial structure of rainfall and enable objective classification of the 

convective mode.  

We also examined the scale dependence of observed and modeled precipitation 

fields. Spatial 2D Fourier spectra performed on coarser grids (12 km) revealed that WRF 

reproduces the variability observed in Stage IV at all scales; Eta ‘s structure is much 

smoother, failing to reproduce scales shorter than about 200 km. Comparison at 4km 

between WRF and Stage IV showed good agreement up to a scale of about 20 km, beyond 

which the WRF model shows a falloff in the variability.  

Our results point to the advantage of explicit treatment of convection over the 

parameterized one in reproducing statistical measures for spatio-temporal coherence. On 
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the other hand, the mean movement of the storms remains a challenge for both models. A 

deeper understanding of relevant mechanisms of precipitation coherence will require an 

evaluation of the dynamic and thermodynamic fields related to precipitation, such as 

winds and CAPE.  

These results not only quantify the model’s shortcomings, they suggest caution 

when using model outputs for hydrological applications. Short-term forecasts of warm 

season precipitation remain error ridden and uncertain, and it is clear that the basic 

statistical representation of precipitation requires improvement. Our results indicate that 

one way for such an improvement would be establishing relationships between governing 

physics of precipitation processes and errors in statistics. 

The results from WRF forecasts are encouraging as we can envision several directions 

in which explicit convective models will produce significant progress. An arduous but 

useful endeavor would be using the WRF as the assimilation model for producing 

reanalysis fields. Another important area that could benefit from convective resolving 

models is the design of parameterizations for climate models. The finer structure provided 

by explicit model could serve as the basis for a more realistic regional tuning of 

parameterizations. 
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Fig. C.1 Total frequency (%): top - Stage IV; middle - WRF; bottom – Eta. Left panels: 

1mm, right panels: 5mm. 
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Fig. C.2 Variance explained by the 1st harmonic:top - Stage IV; middle - WRF; bottom – 

Eta. Left panels: 1mm, right panels: 5mm. 
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Fig. C.3 UTC peak hour: top - Stage IV; middle - WRF; bottom – Eta. Left panels: 1mm, 

right panels: 5mm. 
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Fig. C.4 E-folding times (hours): top - Stage IV; middle - WRF; bottom – Eta.. Left 

panels: 1mm, right panels: 5mm. 
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Fig. C.5 E-folding distances (km): top - Stage IV; middle - WRF; bottom – Eta.. Left 

panels: 1mm, right panels: 5mm.  
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Fig. C.6 Eccentricity (color shades), orientation (blue segments), and propagation (black 

arrows).  Left panels: 1mm, right panels: 5mm. 
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Fig. C.7 Distribution of the errors in forecasted frequencies (forecast-observation). Top 

(WRF-StageIV), bottom: (Eta-Stage IV). Left panels: 1mm, right panels: 5mm. 
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Fig. C.8 Distribution of the errors in forecasted e-folding times (forecast-observation). 

Top (WRF-StageIV), bottom: (Eta-Stage IV). Left panels: 1mm, right panels: 5mm. 
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Fig. C.9 Distribution of the errors in forecasted e-folding distances (forecast-

observation). Top (WRF-StageIV), bottom: (Eta-Stage IV). Left panels: 1mm, right 

panels: 5mm. 
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Fig. C.10 E-folding times (hours) for 4-km fields: top - Stage IV; middle - WRF; bottom 

– Eta. . Left panels 1mm/h, right panels 5mm/h. 
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Fig. C.11 E-folding distances (km) for 4-km fields: top - Stage IV; middle - WRF; 

bottom – Eta. . Left panels 1mm/h, right panels 5mm/h.  
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Fig. C.12 Average e-folding distance (y-axis) dependence on the threshold (x-axis): top - 

Stage IV; middle - WRF; bottom – Eta. Power law best fits all the datasets varaiations. 
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Fig. C.13 Propagation (black arrows) and orientation (blue segments) at 4-km: and Left 

panels 1mm/h, right panels 5mm/h. 
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Fig. C.14 Region within which spectral analyses were performed.  

 

 

Fig. C.15 Spectra of precipitation fields: black –12km Stage IV, red –12km WRF, orange 

– 12-kmEta, green - 4km Stage IV, blue - 4km WRF 
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Table C.1. Model configuration  

Model 
Model configuration 

WRF-ARW NCEP Eta 

Horizontal grid spacing 4km 12km 

Vertical levels 35 60 

Output interval 1h 3h 

Cumulus scheme none 
Betts-Miller-Janjic (BMJ) 

(Betts et al.1994)  

Microphysics 
Lin scheme (six classes). 

(Lin et al. 1983) 

EGCP011 

(Rogers et al 2001). 

Boundary layer 
Yonsei University 

(Skamarock et al. 2005) 

-Mellor-Yamada  

(Mellor and Yamada, 1982) 

Land model 
NOAH (HRLDAS) 

(Chen and Dudhia, 2001) 
NOAH 

Shortwave radiation 
Dudhia 

(Dudhia 1989). 

Lacis and Hansen 

(Lacis and Hansen 1974) 

Longwave radiation 
RRTM2 

(Mlawer et al. 1997). 

GFDL3 

(Schwarzkopf and Fels1991 

EGCP01- Eta grid-scale cloud and precipitation scheme released in 2001 (Rogers et al 

2001). 

RRTM -Rapid Radiative Transfer Model (Mlawer et al. 1997). 

GFDL -Geophysical Fluid Dynamics Laboratory (Schwarzkopf and Fels 1991). 
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T able C.2. 12km comparison: Bias and standard deviation of the model error fields. 

Total frequency (%) E-folding time (h) E-folding distance (km) Model error  

1 mm h-1 5 mm h-1 1 mm h-1 5 mm h-1 1 mm h-1 5 mm h-1 

bias 1.4 1.1 0.03 0.3 3 9 WRF 

std 2.6 1.3 0.7 0.8 28 23 

bias 3.7 -0.4 2.6 1.8 96 40 Eta 

std 2.8 1.2 1.3 1.5 35 31 

 

Table C.3. 4km comparison: Bias and standard deviation of the WRF error fields.  

Total frequency 

(%) 

E-folding time (h) E-folding distance 

(km) 

WRF-Stage IV 

 

1 mm h-1 5 mm h-1 1 mm h-1 5 mm h-1 1 mm h-1 5 mm h-1 

Bias 1.3 1.4 0. 0.2 -0.8 6.3 

Std 3.8 1.4 0.3 0.3 17 12 
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Table C.4. Bias and standard deviation of the WRF error in propagation (direction and 

magnitude) for 12km and 4km comparison. 

12 km 4 km Wrf – Stage IV 

1 mm h-1 5 mm h-1 1 mm h-1 5mm h-1 

|Error| 3.66 4.88 3.8 5.8 Velocity 

Std 2.54 3.42 2.45 3.6 

Bias -1.5 -1.6 -0.85 0.5 Speed 

Std 3.06 3.6 3.4 4.5 

 
Table C.5. Bias and standard deviation of the Eta error in propagation (direction and 

magnitude) 

 
Eta – Stage IV 1 mm h-1 5 mm h-1 

|Error| 4.42 6.15 Velocity 

Std 2.68 3.45 

Bias -1.45 -1.98 Speed 

Std 3.55 4.48 

 
 


