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Abstract: Model inputs for prediction of runoff and soil erosion commonly require pre-
cipitation intensity information. Intensity is often estimated if precipitation data with high 
temporal resolution are unavailable. However, when intensity is time-averaged for fixed mea-
surement intervals, estimates become increasingly underestimated with longer intervals due 
to the assumption that event durations begin and end at specified measurement intervals. In 
this study, adjustment factors were determined for downscaling the temporal resolution of 
intensity values derived from selected resolutions within the range of 10 to 1,440 min for 
Köppen-Geiger climate regions in the United States. In this case, monthly mean maximum 
30 min intensity (MX.5P) was downscaled, which is a parameter used to generate stochastic 
meteorological inputs for models that include the Rangeland Hydrology and Erosion Model 
(RHEM) and the Water Erosion Prediction Project model (WEPP). The adjustment factors 
were given by regressions of reference MX.5P values derived from data with 5 min resolu-
tion against MX.5P values derived from data with lower temporal resolutions (≥10 min). In 
addition to using a slope coefficient for intensity in the regression equation, permutations 
of the equation included use of an elevation coefficient and constants, resulting in four total 
permutations. For the 143 stations and 17 climate regions analyzed, the four regression equa-
tions had roughly equal performance, and all gave statistically significant results. Regressions 
for adjusting hourly data using only an intensity coefficient in the equation had standard 
error of the estimate ranging from 1.01 to 2.96 mm h–1 with an average of 2.04 mm h–1. 
When downscaling daily values, the error range was 2.50 to 10.20 mm h–1 with an average of 
5.63 mm h–1. Average time-to-peak intensity probability distributions for each climate region 
were also determined. Finally, a stochastic weather generator, CLIGEN, was used to test the 
effectiveness of applying the climate-based factors as an alternative to using subhourly data.

Key words: CLIGEN—Köppen-Geiger climate—precipitation intensity—RHEM—soil 
erosion modeling—WEPP

Rainfall intensity is a primary climate 
factor used in erosion models for esti-
mating soil erosion (Nearing et al. 2005; 
Wei et al. 2007). Sensitivity analyses have 
shown that proportionately increasing both 
intensity and rainfall depth roughly doubles 
the amount of erosion compared to when 
only depth is increased by itself (Pruski 
and Nearing 2002). Field studies corrobo-
rate the association between high intensity 
precipitation and severe erosion, such as in 
Martínez-Casasnovas et al. (2002), where a 
high intensity rain event with greater than 

100-year return period was shown to have 
10 times the erosivity index than the annual 
average. Intensity and total accumulation 
can be even stronger determining factors 
of erosion than ground cover and canopy 
cover. Comparisons of six different erosion 
models showed that in certain cases when 
these two precipitation parameters were 
increased simultaneously, the effect on total 
erosion was greater than when the two cover 
parameters were both decreased by the same 
proportion (Nearing et al. 2005). Given this 
context, intensity, and precipitation in gen-

eral, are critical inputs for prediction of soil 
loss and surface runoff.

One challenge of obtaining intensity values 
for use in modeling soil erosion is that sub-
hourly intensities are commonly required, yet 
hourly and daily data are generally more avail-
able. Direct calculation of subhourly intensity 
is not feasible unless the available data are fine-
scale enough to reasonably represent intensity 
breakpoints (e.g., minute-scale). As a result, 
subhourly intensities are usually estimated 
to some degree—a process that necessitates 
temporal downscaling of precipitation pat-
terns to higher resolutions. Methodologies 
for downscaling involve estimating precip-
itation patterns based on reference data sets 
and/or statistical distributions at the desired 
resolution, as well as use of correlations that 
exist for factors between different time scales, 
such as for intensity, accumulation, duration 
and frequency (Wilks 2010; Lee and Jeong 
2014). Specific examples of temporal down-
scaling methods include the widely applied 
stochastic Poisson-cluster method and the 
newer deterministic PITRI method, which 
defines hyetographs based on idealized geo-
metric shapes (Beuchat et al. 2011; Bohn et 
al. 2019). These more complicated methods 
are used to yield comprehensive subhourly 
storm patterns, though relatively simple equa-
tions are also used to effectively downscale 
single parameters like intensity (Brown and 
Foster 1987; Yu 2002). Research has shown 
that accumulation for shorter time intervals 
is often proportionately related to accumula-
tion for longer intervals, including the overall 
duration of the event (Monjo 2016). The simi-
larities in precipitation patterns across different 
temporal scales are illustrative of temporal 
self-similarity (i.e., nested time structures 
within precipitation patterns) and serve as a 
basis for the present paper and others.

The present paper expands on the method 
used by Wang et al. (2018), where an adjust-
ment factor for downscaling intensity was 
given by the slope coefficient of a regres-
sion between high-resolution (1 min) versus 
hourly intensity values. In their study (Wang 
et al. 2018), the resulting adjustment factor 
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was applied to intensity factors derived from 
hourly data for stations across eastern China. 
Their methodology was similar to that of 
Yin et al. (2007), and other studies, for which 
the maximum 30 min intensity for an event 
(I30) was the parameter being downscaled, as 
opposed to the monthly mean maximum 
I30 (MX.5P) studied here and in Wang et al. 
(2018). The method demonstrates that use 
of downscaling adjustment factors offers the 
ability to use a wider assortment of data and 
obtain more spatial coverage of erosion pre-
diction and other processes dependent on 
precipitation parameters. Note that down-
scaling is necessary because the maximum 
30 min intensity of a storm, as identified 
by a temporally continuous rainfall record, 
is nearly always greater than that identified 
by a record composed of arbitrarily fixed 
time increments, and therefore, the average 
I30 calculated from the high-resolution data 
will always be greater than that from rainfall 
records based on fixed time increments.

The relevance of the MX.5P intensity fac-
tor is that it is used in a stochastic weather 
generator, CLIGEN, to provide storm pat-
terns for soil erosion modeling and other 
applications that have included study of 
climate change scenarios, runoff prediction, 
storm separation and duration, downscaling 
global climate models, as inputs for hydro-
logical models, etc. (Yu 2005; Chen et 
al. 2012; Yu 2015; Wang et al. 2019). The 
weather generator has been applied to 
locations in countries including Australia, 
Brazil, Canada, China, Chile, Uganda, and 
the United States. Significant development 
and testing of CLIGEN has taken place in 
order to produce more realistic storm pat-
terns since its initial development in the 
1980s and 1990s. A number of validation 
studies have been done, such as in Yu (2000) 
and Flanagan et al. (2001). In most validation 
studies, there was reasonable agreement of 
CLIGEN output to observed data (Mehan 
et al. 2017; Vaghefi and Yu 2017). In Zhang 
et al. (2008) the relative error of average 
daily precipitation for semiarid sites was 
<13% while standard deviation of residuals 
was <28%. Additionally, time-to-peak inten-
sity was reasonably predicted, whereas event 
duration was often poorly predicted, shown 
by comparison of the frequency of storms 
with certain durations. They also determined 
that I30 values were well predicted, though 5 
and 10 min intensity windows were not as 
successfully predicted. Intensity for different 

time windows based on additional processing 
of CLIGEN output required using a double 
exponential equation as a function of peak 
intensity and time-to-peak outputs.

This study has the following objec-
tives: (1) demonstrate a methodology that 
addresses underestimation bias in MX.5P 
due to time-averaging so that MX.5P may 
be estimated from data with lower tempo-
ral resolutions (these adjustments were based 
on climate and resolution of the data); (2) 
determine climate-averaged time-to-peak 
intensity, tp, distributions; (3) assess the use-
fulness of Köppen climates for characterizing 
the variability of MX.5P and tp distributions; 
and lastly, (4) test the estimated intensity fac-
tors in CLIGEN.

Materials and Methods
The basis for describing precipitation rates 
varies in different soil erosion models. For 
example, maximum intensity may be needed 
for a given time window (such as for 30 min), 
which is the case when determining rainfall 
erosivity in the revised and original Universal 
Soil Loss Equation (RUSLE/USLE). Peak 
intensity at the instant of greatest magnitude 
may be required, which is the case for com-
puter models such as the Agricultural Policy/
Environmental Extender model (APEX), the 
Rangeland Hydrology and Erosion Model 
(RHEM), and the Water Erosion Prediction 
Project model (WEPP), among others (Laflen 
et al. 1997; Williams et al. 2006; Hernandez et 
al. 2017). The mean monthly maximum 30 
min precipitation (MX.5P) analyzed in this 
study is employed by the stochastic weather 
generator, CLIGEN, and is analyzed because 
CLIGEN output is commonly used to drive 
soil erosion simulations for RHEM, WEPP, 
and RUSLE/RUSLE2. Cumulative nor-
malized time-to-peak intensity probability 
distributions were also analyzed.

The MX.5P parameter (mm h–1, con-
verted to in hr–1 for CLIGEN) reflects the 
maximum 30 min precipitation rates for a 
given month in a record that may include 
multiple years of data. Therefore, the follow-
ing equation is used for each month of the 
calendar year so that 12 values are deter-
mined in total for a given location (Yu 2005):

= 1
k

n=k

MX.5P Σ maxI30i , ... , maxI30ni=1
 ,   (1)

where k is the number of times (years) a 
given monthly record exists in the data set, 
and maxI30 is the maximum 30 min inten-

sity (mm h–1) during each monthly record. In 
regions with cold winters, the winter MX.5P 
values may reflect snowfall rather than rain 
intensity. CLIGEN uses MX.5P values as 
inputs for a given location to stochastically 
estimate normalized peak intensity, ip, which 
is the maximum storm intensity divided by 
the average storm intensity, for single events 
according to (Arnold and Williams 1989):

ip= –2P ln(1 – α) , (2)

where P is the precipitation depth for an 
event (mm) and α is a shape parameter given 
by a gamma distribution based on MX.5P 
that is used to approximate true intensity dis-
tributions. Gamma distributions are fitted for 
each month by CLIGEN based on monthly 
MX.5P values. A random number genera-
tor is then used in CLIGEN to sample the 
gamma distribution and normalized time-
to-peak cumulative probability distribution 
functions to generate ip and time-to-peak 
intensities (normalized to storm duration) 
for single events. Gamma distributions have 
been widely used in hydrometeorology and 
are known to provide reasonable approxima-
tions of true intensity distributions (Wilks 
1989; Li et al. 2010). Generally, distributions 
are parameterized so that they are strongly 
skewed with long tails to reduce the occur-
rence of extreme intensities and to increase 
the occurrence of low intensities (Thompson 
and Mullan 2001).

 The model characterizes the tp distribu-
tion using 12 tp cutoff values (should not be 
confused as being 12 monthly values) that 
break the curve into 12 segments of equal 
tp increments (figure 1). Each tp cutoff value 
is associated with a cumulative probabil-
ity value, Ptp, ranging in value from zero to 
one, on the y-axis, which serve as inputs to 
CLIGEN used to characterize the tp dis-
tributions (note that Ptp is the equivalent 
variable to TimePk referred to in CLIGEN). 
The same tp distribution function is used for 
all months of the year and all years for a given 
CLIGEN run.

The Ptp values are calculated as the fol-
lowing (Yu 2005):

=
Ntp(i)

Ntot

Ptp(i)  , (3)

where tp is the fraction of the event duration 
that has elapsed at the time of peak inten-
sity, i is a cut-off fraction for tp (both ranging 
between zero and one), Ntp(i) is the number 
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of events with tp at or below i and Ntot is the 
total number of events. Event durations are 
defined as periods of rainfall that may have 
dry intervals of less than 6 h, so multiple 
intensity peaks are conceivable, in which case 
the highest peak would be identified. Aside 
from MX.5P and tp distributions, CLIGEN 
may be run with precipitation information 
derived from daily data.

The present analysis determines adjust-
ment factors for MX.5P values derived from 
precipitation data with various selected tem-
poral scales, those being 10, 15, 30, 60, 180, and 
1,440 min. These scales were selected because 
of their common use with precipitation data 
sets and precipitation instruments. They 
allow sources of data to be used that include 
the National Oceanic and Atmospheric 
Administration (NOAA) DSI-3260 data 
set (15 min), the 3 h (180 min) NEXRAD 
product, the 3 h group of North American 
Regional Climate Change Assessment 
Program (NARCCAP) climate models, the 
NOAA Global Historical Climate Network 
(1,440 min), and in situations where short-
term time of concentration is of concern, 
10 min data sets may be available and used 
(Findley et al. 2015). The adjustment factors 
were determined by ordinary least squares 
regressions that correlate reference MX.5P 
values against MX.5P values derived from 

data with the selected scales. The adjustment 
factors assume that, regardless of temporal 
resolution, intensity is uniform and constant 
during a measurement interval for the deter-
mination of maxI30 in equation 1 (in other 
words, intensity is time-averaged). Therefore, 
the following equation may be used:

maxI30 = 2 × d ,  (4)

where d is maximum 30 min precipita-
tion depth (mm). Time-averaging intensity 
implies that to determine d for >30 min 
resolutions, accumulation for a measurement 
interval must be divided by the ratio of the 
interval length to 30 min (e.g., to determine 
d from hourly data, accumulation is divided 
by 2, and to determine d from daily accumu-
lation, accumulation is divided by 48). The 
resulting adjustment factors tend to have the 
effect of increasing the magnitude of MX.5P 
values derived from coarser resolution data 
to offset the underestimation bias that is a 
consequence of time-averaging. For <30 
min resolutions, the d was the value asso-
ciated with contiguous segments of record 
that added up to a 30 min period, i.e., two 
contiguous segments of 15 min or three 
of 10 min. Since these segments generally 
do not correspond exactly with the actual 
maximum storm intensity, they too are gen-

erally less than the actual maximum 30 min 
intensity, and hence the required adjustment 
factors are greater than 1. To enable MX.5P 
correlations for the selected temporal reso-
lutions, accumulation from high-resolution 
data was aggregated according to the desired 
resolution, and equation 4 was followed.

While the previous Wang et al. (2018) paper 
tests equation 5 (below), this paper tests the use 
of additional forms of the regression equation 
that consider the following terms: an intensity 
coefficient, a, for the correlation of reference 
MX.5P values (referred to as “high-resolu-
tion” values) versus MX.5P values aggregated 
using equation 4 (referred to as “upscaled” val-
ues); an elevation coefficient for the elevation 
of each station, b; and a constant term, c. The 
equations are given as the following:

y = ax , (5)
y = ax + c , (6)
y = ax + bz , and (7)
y = ax + bz + c ,   (8)

where x represents upscaled MX.5P val-
ues for the selected resolutions, y represents 
the reference high-resolution MX.5P val-
ues, and z is elevation above sea level (m). 
Elevation is included to capture the effect 
of precipitation lapse rates and orographic 
enhancement, potentially important where 
elevation gradients are large, such as in the 
mountainous western United States (Kunz 
and Kottmeier 2006). Reference values were 
calculated from the US Climate Reference 
Network (USCRN) precipitation data set 
with 5 min resolution that is maintained by 
NOAA (Diamond et al. 2013). From this 
network, 140 stations were included in the 
analysis (their distribution is seen in figure 2). 
The USCRN data have few data gaps over-
all, with only 3% missing data on average for 
record durations. No gap-filling was done, 
considering the small percentage of miss-
ing data. The average record duration was 
~11 years, generally starting in 2005 to 2008 
and ending in December of 2018. Station 
elevations ranged from 1 to 3,407 m with 
an average of 618 m. The data set used in 
this paper considered a period beginning at 
a time when newer stations to the network 
could be included, though the USCRN net-
work has some stations with longer records. 
Three stations were included with 1 min res-
olution from the monitoring network of the 
Southwest Watershed Research Center for 

Figure 1
A schematic with an idealized cumulative distribution function for normalized time-to-peak in-
tensity (tp) showing the values of tp for which cumulative probability values of time-to-peak-in-
tensity (Ptp) are calculated. The twelve values of Ptp are calculated to represent the continuous 
distribution (and should not be confused as being 12 monthly values).
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similar time periods in southeastern Arizona 
(Keefer et al. 2008).

Stations were grouped by climate 
according to the Köppen-Geiger climate 
classification. The Köppen-Geiger climate 
classification is a system for conveniently 
categorizing climate based on monthly tem-
perature and precipitation. The main climate 
categories are tropical (A), arid (B), temper-
ate (C), cold (D), and polar (E). Each main 
category is subdivided to reflect mean annual 
values, seasonal patterns, temperature and 
precipitation thresholds, etc. (see Beck et al. 
2018 for further explanation of the classifica-
tion scheme). Out of the 23 climate regions 
in the continental United States, Alaska, and 
Hawaii, the precipitation data set had cover-
age for 17 regions. Table 1 shows the number 
of stations representing each region, and fig-
ure 2 is a map of the distribution of stations 
within each climate region. Regressions for 
the MX.5P analysis benefited from grouping 
by climate so that the storm characteristics 
and weather systems unique to each climate 
are captured by the analysis (Ahrens 2012). 
The sample size for each climate was gen-
erally the number of stations for the climate 

multiplied by 12, unless data were missing 
for one or more months, no precipitation 
occurred, or no events lasted longer than 30 
min. Sample size tended to decrease slightly 
for correlations to <30 min resolutions 
because at this resolution, it may be recog-
nized that some events had shorter than 30 
min durations. Some of the represented clas-
sifications with small extents contained only 
a single gage, i.e., Af, Aw, Dwa, and Dwb 
(table 1) so that the MX.5P correlations have 
a small sample size of 12 (although, these cli-
mate classifications have extents representing 
<1% of the surface area of the United States). 
In this case, because elevation had zero vari-
ance, equations 7 and 8 had an elevation 
slope coefficient of zero, essentially reverting 
to equations 5 and 6, respectively.

The global map used to determine the 
Köppen climate classification of each sta-
tion was developed by Beck et al. (2018) at 
0.0830° resolution, representing the 1980 
through 2016 time period. This Köppen 
climate map is based on a set of topograph-
ically corrected, high-resolution climatic 
maps (CHELSA, WorldClim, and CHPclim). 

According to the map, five climate regions 
(BSk, Cfa, Dfa, Dfb, and Dfc) represent 75% 
of the area of the United States. The eastern 
United States is primarily represented by the 
Dfa and Cfa classifications (14% and 16% of 
the total US surface area) in figure 2. The 
western United States has more complexity, 
shows topographic effects, and is primar-
ily in the BSk region (18% of the total US 
surface area is BSk). Alaska is primarily Dfc, 
and Hawaii is primarily class A. The map is 
in reasonable agreement with others, such as 
the map by Peel et al. (2007) that uses a large 
data set of weather stations and interpolates 
between stations.

Nonstationary climate signals, where 
temperature and precipitation diverge from 
long-term averages, occurred on a global 
scale in the 21st century. Furthermore, future 
projections also suggest nonstationary cli-
mate signals for the remainder of the century 
(IPCC 2013). Ways in which nonstationary 
climates (as opposed to stationary climates) 
may impact the application of downscaling 
factors from this study should be considered 
given that these factors were developed for 
individual Köppen climates. As a result of 

Figure 2
Köppen-Geiger climate classification map from Beck et al. (2018). 17 climate classifications are represented in the United States by 143 precipita-
tion stations with ≤5 min resolution.
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nonstationary climate, the spatial distribu-
tions of climate regions are likely to change, 
which, in this study, were assumed to be tied 
to characteristic precipitation intensities and 
patterns that were captured by climate-based 
regressions. This implies that for a given 
location, the correct adjustment factor may 
change according to shifts in climate regions. 
The IPCC also predicts that climate change 
may not be spatially uniform, and tem-
perature and precipitation trends in certain 
regions may remain stationary. Therefore, 
uncertainty of the spatial distributions of 
climate regions in the future may require 
further consideration.

Statistics indicating the performance 
of each MX.5P adjustment factor were 
adjusted r-squared (adj. r2) and standard error 
of the estimate (SEest). The Ezekiel form of 
adjusted r2 was used to weight r2 values based 
on sample size and the number of indepen-
dent variables in the regression (Leach and 
Henson 2007). Adj. r2 facilitated comparison 
of the resulting regressions because equa-
tions 7 and 8 represent multiple regressions 

with one more independent variable than 5 
and 6, and because sample size was variable 
between climate groups. However, it is not 
common practice to drop the intercept/con-
stant in regression, as was done in equations 
5 and 7. This complicates the comparison of 
adj. r2 since regression models without a con-
stant have a different null hypothesis. When 
a constant is used, the null hypothesis is y = 
const.+ error and ȳ ≠ 0 compared to when a 
constant is not used, when the null hypothesis 
is y = error and ȳ = 0 (Quinn and Keough 
2002). In the latter case, because the average 
of predicted values is assumed to be zero, 
the equation for r2 is uncentered around the 
average of predictions, unlike in the typical r2 
equation. This has the tendency of increasing 
the magnitude of r2 compared to the centered 
r2 equation. Therefore, adj. r2 values can only 
be fairly compared between equations 5 and 
7 and between 6 and 8. In contrast, values of 
SEest can be fairly compared between all four 
regression equations. For this reason, SEest is 
preferred for making comparisons between 

regressions. SEest represents the average error 
of the predictions and is given as equation 9:

SEest = 
∑(y – y) 2

N – k

ˆ
 , (9)

where N is sample size and k is the num-
ber of terms in the regression equation 
(Holman 1994).

Lastly, daily output from CLIGEN was 
analyzed in terms of ip and tp. Three sets of 
CLIGEN simulations were carried out to test 
the effectiveness of the determined intensity 
factors and to test their potential for working 
around the need for subhourly precipitation 
data when creating CLIGEN inputs. The 
first set of simulations served as the reference 
set and used inputs that consisted of accurate 
MX.5P and time-to-peak intensity distri-
butions calculated from the high-resolution 
data. The reference inputs were determined 
for each of the 143 stations, and one 300-
year CLIGEN simulation was executed for 
each station. The second and third sets of 
CLIGEN simulations differed only in that 
their inputs had MX.5P adjustment factors 
applied to hourly and daily data, respectively, 
and climate-averaged time-to-peak intensity 
distributions were used for both test sets. 
MX.5P adjustment factors were those given 
by equation 5. The resulting daily ip and tp 
outputs from CLIGEN for the test sets were 
then compared to those of the reference set.

Results and Discussion
Climate-Based Intensity Adjustment Factors. 
As explained, the 143 stations were grouped 
by their respective Köppen climate classifica-
tion to yield results on a climate-by-climate 
basis. In doing so, regression equations 5 to 
8 were tested on each of the 17 represented 
classifications, and for every classification, 
each equation was tested using the selected 
temporal resolutions (10, 15, 30, 60, 180, and 
1,440 min). This resulted in 408 adjustment 
factors (4 × 6 × 17 = 408) to downscale 
MX.5P depending on the appropriate cli-
mate, resolution for the data, and what 
form of the regression equation is applied. 
Correlations were statistically significant to 
the p ≤ 0.01 level, though individual terms 
were not always significant in all cases. 
Equation 5 did not yield the lowest error 
in many cases, but it did provide the most 
consistent and realistic results. For this reason, 
adjustment factors are reported for equation 
5 only. Table 2 provides a full report of the 

Climate classification Gage count % of US area

Af 1 0.05
Am 0 0.06
Aw 1 0.16
BSh 3 1.30
BSk 28 18.44
BWh 5 1.77
BWk 5 4.32
Cfa 29 16.16
Cfb 3 0.31
Cfc 0 0.01
Csa 2 1.05
Csb 6 1.95
Dfa 19 13.97
Dfb 15 9.76
Dfc 14 16.86
Dsa 0 0.03
Dsb 0 2.08
Dsc 5 4.48
Dwa 1 0.38
Dwb 1 0.45
Dwc 0 0.22
ET 5 6.18
EF 0 <0.00
Total 143 100

Table 1
 A list of the 23 Köppen-Geiger climate classifications present in the United States. The number 
of gages and percentages of the total US surface area representing each classification are also 
given. Note that only 17 of the 23 classifications have gages.
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adjustment factors by climate and resolu-
tion using equation 5, and the associated 
SEest and adj. r2 values are shown in table 3. 
As supplementary information, and to sup-
port conclusions about equations other than 
5, regression terms, adj. r2 and SEest for all 
equations are given at https://github.com/
ARS-SWRC/Supplementary-Info-JSWC-
MX.5P-1. Also, since not all temporal 
correlation plots are able to be presented in 
the following, this link contains regression 
plots for each climate and resolution for 
equations 5 and 6.

The four regression equations had com-
parable performances overall, though 
important distinctions were identified. The 
more expanded equations, 7 and 8, tended 
to yield slightly less error on average by con-
sidering elevation as an explanatory variable. 
The average of SEest values for every climate 
and resolution was 2.64 mm h–1 and 2.45 
mm h–1 for equations 5 and 6, respectively, 
while average SEest values for equations that 
include elevation were 2.54 mm h–1 and 2.42 
mm h–1 for equations 7 and 8, respectively. 
The lowest average error may therefore be 
obtained using equation 8; however, an issue 

with the use of constants in equations 6 and 
8 is that when the best-fit constant is nega-
tive, negative MX.5P values may be yielded 
for values near zero, which is not realistic. For 
these, the range of negative values tended to 
become larger with coarser resolutions (e.g., 
180 and 1,440 min), reflecting the tendency 
for constants to likewise become larger in 
magnitude in both directions, positive and 
negative, as underestimation became larger. 
Constants tended to fail significance tests. 
Only 35% of constants fitted using equations 
6 and 8 were significant terms (p ≤ 0.01). 
Negative slope coefficients for elevation 
using equations 7 and 8 also resulted, which 
is unexpected. Elevation coefficients were 
generally near-zero and often failed signifi-
cance tests. Significant elevation coefficients 
were near zero as well, indicating that little 
or no elevational effect was evident. Only 
14% of adjustment factors for climates and 
resolutions using equations 7 and 8 had a sig-
nificant (p ≤ 0.01) elevation coefficient term. 
The low predictive power of elevation may 
possibly be attributed to the following: the 
wide spatial distribution of stations, sample 
sizes that were not large enough to detect 

the variability in precipitation lapse rates, 
and elevation gradients that were not large 
enough in certain climate regions.

It may be expected that for climate regions 
in the western United States, where eleva-
tion is highly variable, elevation coefficients 
in equations 7 and 8 would be more signif-
icant. However, there was not always a clear 
relationship between elevation gradients and 
the significance of elevation coefficients. The 
expectation was true for the BSk climate 
region located in the mountainous west, 
which had more significant elevation coeffi-
cients than any other climate (5 out of 12 of 
the elevation coefficients determined for dif-
ferent resolutions using equation 7 and 8 were 
significant to p = 0.01). Also, BWk, which is 
adjacent to BSk along most of its extent, had 
comparatively more significant coefficients 
than other climate zones (4 out of 12 coef-
ficients were significant to p = 0.01). While 
in contrast, the cold weather climates, Dfb 
and Dfc, had insignificant elevation coeffi-
cients with p-values as high as 0.979, despite 
having strong elevational differences, ranging 
from near sea level to ~3,000 m. Additional 
variables in conjunction with elevation may 
have also been needed, such as a qualitative 
variable to describe the windward/leeward 
setting in mountainous areas and proxim-
ity to coasts to account for coastal effects. 
Contrasting with the elevation coefficient, 
intensity coefficients were highly significant 
in all cases. Considering the issues with use 
of an elevation coefficient and constants, the 
simplest equation, 5, which does not use a 
constant and has only marginally larger error 
than the alternatives, is the best option in 
most cases.

Error may also be analyzed along the 
basis of the resolutions from which MX.5P 
is downscaled. Pooling together adjustment 
factors for the four regression equations and 
each climate on a resolution-by-resolution 
basis, the average SEest values were 1.59, 
1.53, 1.73, 2.19, 3.62, and 5.27 mm h–1 in 
increasing order of the selected resolutions, 
respectively. Generally, there is little differ-
ence between adjustment factors for 10 min 
and 15 min resolutions. There was less than 
1% increase in the average of intensity coef-
ficients for the represented climates given by 
equation 5 between 10 and 15 min resolution 
correlations to the high-resolution values. In 
comparing 10 min intensity coefficients to 
the remaining correlations for 30, 60, 180, 
and 1,440 min resolutions, the intensity 

 Slope coefficient terms for intensity (MX.5P) using equation 5
Climate Resolution (min)
classification 10 15 30 60 180 1,440

Af 1.014 1.034 1.129 1.599 2.859 9.374
Aw 1.018 1.041 1.130 1.801 4.345 24.804
BSh 1.065 1.085 1.176 1.908 4.609 27.487
BSk 1.047 1.048 1.148 1.850 4.135 20.833
BWh 1.129 1.146 1.254 2.084 5.061 29.896
BWk 1.091 1.086 1.216 2.034 4.523 22.089
Cfa 1.025 1.040 1.141 1.809 3.944 19.522
Cfb 1.055 1.074 1.126 1.402 1.921 4.800
Csa 1.104 1.108 1.183 1.565 2.407 6.633
Csb 1.091 1.104 1.170 1.629 2.585 7.308
Dfa 1.018 1.032 1.136 1.776 3.744 17.386
Dfb 1.026 1.035 1.133 1.781 3.567 14.748
Dfc 1.043 1.050 1.074 1.526 2.288 5.098
Dsc 1.061 1.070 1.151 1.618 2.668 8.630
Dwa 1.041 1.028 1.106 1.825 3.969 20.397
Dwb 1.037 1.064 1.139 1.853 4.324 23.270
ET 1.231 1.202 1.233 1.814 3.287 11.106
Full data set 1.030 1.043 1.142 1.796 3.759 15.305

Table 2
Intensity coefficient terms for equation 5 according to climate and temporal resolution. The 
terms are also given for regressions that used the full data set (not grouped by climate).
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coefficient increases by 8%, 60%, 178%, and 
1,253%, respectively, reflecting increasingly 
underestimated MX.5P values. Temporal 
MX.5P correlations using equation 5 are 
shown in figure 3 for all resolutions, using 
results from the largest climate classification 
by surface area as an example, that being 
BSk (cold semiarid), although as mentioned, 
regressions were derived for each climate 
class, but are not all shown. The regression 
lines are overlain by scatterplots of MX.5P 
datapoints for BSk. The number of datapoints 
would be expected to be n = 336 (28 stations 
in the BSk climate × 12 values per month), 
although as discussed in the methods section, 
if there is missing data for certain months, 
or no events lasted longer than 30 min, the 
sample size may be smaller. This is the reason 
for n = 334 in the 10 and 15 min correlations 
and n = 335 for the >30 min correlations. 
The BSk correlations demonstrate that 
>95% of variability in the high-resolution 
MX.5P values may be explained by upscaled 
MX.5P values for resolutions as fine as 60 
min. SEest remained relatively low for resolu-
tions of 60 min or finer, being less than 2 mm 
h–1. However, by the 1,440 min resolution, 
SEest was 5.37 mm h–1, adj. r2 was 0.85, and 
inhomogeneous variance (heteroscedasticity) 
was evident. Heteroscedasticity is evident to 
varying degrees in most 1,440 min correla-

tions, which partly accounts for the increased 
scatter and error. These results indicate that 
of the two precipitation resolutions that are 
perhaps the most common—hourly and 
daily—the hourly adjustment factors are 
more reliable. Regressions for downscal-
ing hourly data using equation 5 had SEest 
ranging from 1.01 to 2.96 mm h–1 with an 
average of 2.04 mm h–1 for the represented 
climates. For regressions with daily values, 
SEest was considerably larger, being between 
2.50 and 10.20 mm h–1 with an average of 
5.63 mm h–1.

Effectiveness of the regressions was further 
tested by applying the resulting adjustment 
factors to upscaled values and comparing 
to reference values of MX.5P derived from 
5 min data. Making this comparison and 
determining relative error percentages for 
downscaled MX.5P values using equation 
5 adjustment factors, hourly MX.5P values 
gives 15% error on average for the 17 cli-
mates, whereas 43% error occurs on average 
for daily MX.5P values. Table 4 shows that 
there were considerable differences in rela-
tive error between climates. For the 5 climate 
regions that represent 75% of the area of the 
United States, hourly adjustment factors 
performed reasonably well, with three out 
of five regions doing better than the aver-
age error of 15% (BSk error was 15%, Cfa 

was 8%, Dfa was 10%, Dfb was 15%, and Dfc 
was 14%). The Cfa region, representing the 
southeastern United States, performed well. 
In contrast, for the largest climate region by 
area—BSk—hourly adjustment factors give 
a slightly larger error than the average. This 
may be due to orographic effects and strong 
elevational gradients in the western United 
States where BSk is present. It is also evident 
in figure 2 that the western United States 
is a spatially heterogeneous area for climate 
regions, which may introduce uncertainty.

Considering another geographical con-
cern, variation in temperature, the six 
represented cold weather climates that 
included a mixture of rain and snow inten-
sities did not have intensity coefficients that 
were different in any consistent way. This sug-
gests that the characteristics of snow storms, 
for purposes of this analysis, were generally 
equal to rain storms. Considering climates 
on the two extremes of the temperature 
spectrum, it is apparent that intensity coef-
ficients were larger for the hottest climates 
(BSh and BWh) and lower for the coldest 
climates (Dfc and ET). The greater tendency 
for underestimation in MX.5P in hot cli-
mates, compared to cold climates, reflects the 
shorter, intense, convective storms common 
in hot climates. Differences in adjustment 
factors may relate more to the comparison of 

Table 3
Summary statistics for the results of mean monthly maximum 30 min intensity (MX.5P) temporal correlations using equation 5 in association with 
the adjustment factors given in table 2. The statistics are given by climate and temporal resolution. Note that SE

est
 has units of mm h–1.

 Statistic/resolution (min)

Climate  adj. adj.  adj.  adj.  adj. adj.  SEest/ SEest/ SEest/ SEest/ SEest/ SEest/
classification r²/10  r²/15 r²/30 r²/60 r²/180 r²/1,440 10 15 30 60 180 1,440

Af 0.995 0.997 0.997 0.993 0.993 0.964 2.12 1.80 1.67 2.65 2.68 5.89
Aw 0.999 0.999 0.999 0.999 0.995 0.965 1.12 1.25 1.44 1.40 3.56 9.05
BSh 0.986 0.987 0.987 0.982 0.976 0.926 2.65 2.50 2.54 2.96 3.44 6.03
BSk 0.990 0.992 0.991 0.988 0.958 0.848 1.39 1.19 1.28 1.53 2.80 5.37
BWh 0.962 0.968 0.969 0.971 0.964 0.930 3.19 2.91 2.86 2.75 3.06 4.30
BWk 0.969 0.974 0.972 0.967 0.933 0.791 1.82 1.66 1.74 1.87 2.69 4.74
Cfa 0.998 0.998 0.997 0.993 0.976 0.914 1.42 1.37 1.99 2.80 5.41 10.20
Cfb 0.985 0.983 0.982 0.974 0.952 0.913 1.47 1.55 1.59 1.92 2.62 3.52
Csa 0.946 0.947 0.947 0.921 0.857 0.774 2.12 2.11 2.10 2.57 3.46 4.36
Csb 0.971 0.972 0.970 0.958 0.921 0.811 1.71 1.64 1.68 2.01 2.74 4.25
Dfa 0.999 0.999 0.996 0.993 0.969 0.878 0.88 0.86 1.50 2.04 4.32 8.56
Dfb 0.997 0.997 0.995 0.988 0.941 0.824 0.94 0.94 1.27 1.94 4.38 7.56
Dfc 0.947 0.949 0.937 0.931 0.832 0.628 1.85 1.79 1.97 2.07 3.24 4.81
Dsc 0.950 0.957 0.988 0.969 0.905 0.810 1.28 1.18 0.62 1.01 1.76 2.50
Dwa 0.998 0.999 0.996 0.994 0.980 0.906 0.84 0.46 1.15 1.30 2.46 5.33
Dwb 0.995 0.994 0.990 0.991 0.979 0.924 1.44 1.50 1.97 1.91 2.88 5.43
ET 0.859 0.908 0.933 0.918 0.852 0.689 2.56 2.05 1.75 1.94 2.61 3.78
Full data set 0.994 0.995 0.994 0.988 0.949 0.769 1.62 1.51 1.74 2.34 4.88 10.37
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Figure 3
Temporal mean monthly maximum 30 min intensity (MX.5P) correlations using equation 5 to determine adjustment factors for downscaling to the 
≤5 min resolution. In the regression equation, the predicted high-resolution MX.5P values are on the y-axis and are a function of the MX.5P values 
for lower resolutions given on the x-axis (the lower resolution MX.5P values would be known). In this case, correlations are for the BSk climate clas-
sification (cold semiarid). The gray and pink bands indicate 95% prediction and confidence intervals, respectively. Note that SE

est
 has units of mm 

h–1. “Upscaled” refers to calculated MX.5P values from coarse resolution data.
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15 min window
y = 1.048x
adj. r2 = 0.992
SEest

 = 1.193
n = 334

10 min window
y = 1.047x
adj. r2 = 0.990
SEest

 = 1.385
n = 334

30 min window
y = 1.048x
adj. r2 = 0.991
SEest

 = 1.276
n = 335

180 min window
y = 4.135x
adj. r2 = 0.958
SEest

 = 2.804
n = 335

60 min window
y = 1.850x
adj. r2 = 0.988
SEest

 = 1.528
n = 335

1,440 min window
y = 20.833x
adj. r2 = 0.848
SEest

 = 5.366
n = 335

frontal versus convective storms rather than 
the comparison of rain versus snow storms.

Regressions using the full data set (not 
grouped by climate) showed by compar-

ison the situations in which grouping by 
climate offered improved adjustment factors. 
Grouping by climate did not offer consider-
able improvement for adjustment factors in 

the higher resolution range (10 to 30 min) 
because underestimation was already mini-
mal. For the resolutions of 60 min or coarser, 
the improvement becomes increasingly evi-

(a) (b)

(c) (d)

(e) (f)
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dent, such that by a resolution of 1,440 min, 
SEest is roughly halved by doing regressions 
on a climate-by-climate basis from SEest of 
~10 mm h–1 to ~5 mm h–1 (table 3). Elevation 
remained an insignificant explanatory vari-
able with the additional range of data in the 
regressions. This suggests that the wide spatial 
distribution of stations complicated the cor-
relation to elevation.

Comparison to the findings of Wang et 
al. (2018) discussed in the introduction was 
complicated by two factors. Their MX.5P 
temporal correlation of 1 min versus hourly 
values was in line with those of the Cfb cli-
mate found in the present paper, though 
generally their intensity coefficient of 1.40 
was smaller in magnitude than other climates 
analyzed here. The Cfb climate only appears 
in a small extent in China, and it would be 
expected that their coefficient would be more 
like that of Cfa (Cfa and Cwa are the most 
extensive climate regions in China, though 
only Cfa is analyzed in this paper). Important 
to consider is that their method of calculat-
ing MX.5P from hourly data involved further 
steps in the procedure beyond aggregating the 
1 min data and using a time-averaged inten-
sity given by equation 4. In fact, they derived 
a system of equations to determine MX.5P 

from hourly data starting with an integral 
from Arnold and Williams (1989) that yields 
precipitation depth for a given time interval. 
Their solution also differed in that hourly 
intensities were for events lasting longer than 
a minimum duration of 2 h, which potentially 
precluded convective storms from the analysis. 
These differences likely explain the discrep-
ancy in adjustment factors.

One limitation of the determined cli-
mate-based adjustment factors (and also of 
the climate-averaged time-to-peak probabil-
ity distributions presented in the following 
section) relates to a key assumption of the 
approach of this study, that the determined 
adjustment factors and climate-based aver-
ages are spatially consistent for the extent 
of their respective Köppen climates. There 
is some question, given nonstationary cli-
mate and climate change, whether these 
adjustment factors will be representative in 
the future. Researchers have shown that, 
for example, intensity-frequency-duration 
curves are nonstationary as a result of cli-
mate change (Cheng and AghaKouchak 
2014). However, the assumption of spatial 
consistency of intensity distributions across 
individual climates implies that the spatial 
extents of Köppen climates may change 

but the respective temporal correlations for 
each climate should not. Therefore, the ques-
tion becomes whether the spatial extents 
of Köppen climates will be different in the 
future, and not how the adjustment factors 
and climate-averages will be different. To 
help understand issues relating to future cli-
mate extents, some researchers such as Beck 
et al. (2018) have provided future spatial pro-
jections of Köppen climates.

Another uncertainty is how the cli-
mate-based downscaling factors apply to the 
same Köppen classifications in areas other 
than those studied in this paper, and whether 
the downscaling factors determined for all 
datapoints (independent of climate) are rep-
resentative of climate classifications beyond 
this paper. Hence, additional effort is needed 
to repeat the analysis in new locations to 
understand the scalability of the downscal-
ing factors to continental and global scales. 
It is also worth noting that measurement 
error has some effect on the determined 
adjustment factors. Widely used precipitation 
gages each have their own uncertainties and 
biases, particularly for determining intensity 
(Muñoz et al. 2016). Precision and calibra-
tion, sampling frequency, the effects of wind 
and the surroundings, and other environ-
mental concerns are also important for 
assessing the confidence of measurements 
taken from precipitation gages. However, the 
USCRN network, representing an excellent 
data set with a high degree of quality-con-
trol, generally favors wind-shielded weighing 
gages over tipping-bucket gages, the latter of 
which tend to have considerable biases com-
pared to other instruments (Groisman and 
Legates 1994; Habib et al. 2001).

Climate-Averaged Time-to-Peak Probability 
Distributions. The average tp intensity dis-
tributions for each climate were also 
determined, being the other factor aside 
from MX.5P needed to run CLIGEN that 
requires subhourly precipitation data. The 
distribution values of Ptp, required as input 
for CLIGEN, are reported in table 5 as cli-
mate averages. An example tp cumulative 
probability distribution is given in figure 4 
showing the distribution for BSk. Roughly 
two-thirds of precipitation events had their 
peak intensity at or before the half-way 
point of storm durations, which is typi-
cal of the data set. Variability tended to be 
minimal between climates, and two-sample 
Kolmogorov-Smirnov tests yielded insig-
nificant differences in all cases between 

 Relative error percentages for downscaled MX.5P values using equation 5 
 adjustment factors (%)

Climate Resolution (min)
classification 10 15 30 60 180 1,440

Af 5.06 4.17 4.13 6.25 7.03 15.94
Aw 3.58 3.28 2.98 3.76 6.27 14.90
BSh 16.55 15.43 14.62 16.09 23.61 43.23
BSk 9.92 7.73 8.21 15.45 34.12 59.05
BWh 25.72 24.73 22.58 21.78 27.50 44.22
BWk 18.17 15.92 15.81 21.08 33.01 52.28
Cfa 2.87 2.95 4.58 7.69 16.74 30.64
Cfb 5.61 5.82 5.85 8.52 13.94 20.87
Csa 23.46 22.42 20.12 27.82 39.82 53.47
Csb 13.56 14.65 12.97 16.68 25.62 42.02
Dfa 3.30 3.12 5.39 10.06 24.55 45.96
Dfb 3.75 3.27 5.52 15.30 35.46 55.65
Dfc 9.81 7.05 8.84 13.86 24.20 45.44
Dsc 13.44 8.00 9.40 13.93 22.64 30.01
Dwa 7.34 5.55 5.62 14.58 35.08 59.36
Dwb 14.74 12.69 11.98 14.85 37.06 68.69
ET 23.69 17.98 19.82 23.18 31.55 41.12
AVG 11.80 10.28 10.50 14.76 25.78 42.52

Table 4
Average relative error for downscaling mean monthly maximum 30 min intensity (MX.5P) values 
using the determined adjustment factors from equation 5 compared against reference values. 
Errors are given for each temporal resolution and climate classification.
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 tp * 12

Climate
classification 1 2 3 4 5 6 7 8 9 10 11 12

Af 0.18 0.27 0.36 0.45 0.53 0.61 0.69 0.75 0.81 0.87 0.93 1.00
Aw 0.24 0.38 0.50 0.56 0.64 0.72 0.76 0.81 0.86 0.90 0.95 1.00
BSh 0.25 0.37 0.48 0.56 0.63 0.70 0.76 0.80 0.85 0.90 0.94 1.00
BSk 0.25 0.38 0.47 0.54 0.62 0.69 0.74 0.79 0.84 0.89 0.94 1.00
BWh 0.23 0.37 0.46 0.54 0.64 0.73 0.77 0.82 0.87 0.91 0.96 1.00
BWk 0.23 0.37 0.46 0.53 0.61 0.68 0.73 0.78 0.83 0.88 0.93 1.00
Cfa 0.21 0.33 0.42 0.50 0.58 0.66 0.72 0.78 0.84 0.89 0.94 1.00
Cfb 0.13 0.21 0.29 0.38 0.47 0.56 0.65 0.73 0.81 0.88 0.94 1.00
Csa 0.14 0.24 0.32 0.39 0.48 0.56 0.64 0.73 0.80 0.86 0.92 1.00
Csb 0.16 0.24 0.34 0.42 0.51 0.59 0.66 0.73 0.81 0.87 0.93 1.00
Dfa 0.23 0.35 0.44 0.52 0.60 0.67 0.73 0.79 0.84 0.89 0.94 1.00
Dfb 0.24 0.35 0.44 0.52 0.60 0.67 0.73 0.79 0.84 0.89 0.94 1.00
Dfc 0.25 0.36 0.45 0.53 0.60 0.67 0.72 0.79 0.85 0.90 0.95 1.00
Dsc 0.27 0.38 0.48 0.56 0.64 0.70 0.76 0.81 0.87 0.91 0.95 1.00
Dwa 0.24 0.38 0.48 0.56 0.62 0.70 0.76 0.79 0.85 0.90 0.94 1.00
Dwb 0.26 0.42 0.50 0.57 0.66 0.73 0.76 0.81 0.87 0.91 0.93 1.00
ET 0.28 0.41 0.51 0.58 0.66 0.74 0.78 0.82 0.87 0.91 0.94 1.00

Table 5
Climate-averaged cumulative probability values of time-to-peak-intensity (Ptp) for the normalized time-to-peak intensity (tp) cumulative proba-
bility distributions.

the average tp distribution for the data set 
and the average distributions of each cli-
mate. Still, relative error was reduced when 
using climate-averaged distributions. Table 
6 shows the reduction in relative error by 
using climate averages. Using climate aver-
ages resulted in a maximum of 8% relative 
error compared against reference values, 
which occurred for Dfc. Compared to the 
error yielded by using the tp distribution for 
the data set, climate averaging reduced error 
by as much as 13%, which occurred for Cfb. 
This comparison could not be made for 
Af, Aw, Dwa, and Dwb since these climates 
were represented by only a single station, and 
therefore no averaging was done. Wang et al. 
(2018) also analyzed tp from 1 min data and 
found a very similar average distribution as 
in this analysis. The small variability in the 
distributions across the 18 sites in China 
was comparable to the variability of the sites 
within different climates in this study.

Application to CLIGEN. Daily output 
from CLIGEN was analyzed to determine 
the difference between a reference test set 
parameterized with known MX.5P and Ptp 
factors, and test sets that were parameterized 
with hourly and daily climate-based factors. 
The differences of average ip and tp were ~1% 
for both hourly and daily test sets relative 
to the reference set, indicating that aver-
ages for ip and tp were preserved using the 

Figure 4
Köppen-Geiger climate classification map from Beck et al. (2018). 17 climate classifications are 
represented in the United States by 143 precipitation stations with ≤5 min resolution.
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climate-based factors. However, errors for 
ip canceled out to produce the good agree-
ment of averages. This was shown by the fact 
that the standard deviation of the residuals 
for average ip was 22% for the hourly test set 
and was roughly double for the daily test set 
at 42%. This suggests that the daily test set 
differed more from the reference set than the 
hourly test set. This may relate to the het-
eroscedasticity that was present in many of 
the daily MX.5P correlations that produced 
greater deviation in both directions for 
larger magnitudes of MX.5P. The standard 
deviation of the residuals for average tp was 
minimal; deviation was 8% for both test sets, 
since they both used the same climate-av-
eraged distributions. Ultimately, given these 
findings, it was evident that applying the 
adjustment factors to MX.5P values derived 
from daily data resulted in poor agreement 
of ip relative to reference CLIGEN output 
despite the good agreement of ip averages, 
whereas hourly factors resulted in reasonable 
agreement. The daily adjustment factors still 
offered an improvement over parameterizing 
CLIGEN with unadjusted MX.5P values. 
The difference of average ip compared to the 
reference set is 95% when the MX.5P values 
derived from daily data are unadjusted. The 

 Relative error using Relative error using average Reduction of error by using
Climate climate averages (%) for the whole data set (%) climate averages (%)

Af* — 9.19 9.19
Aw* — 5.04 5.04
BSh 6.12 7.51 1.39
BSk 4.25 5.37 1.12
BWh 4.56 6.44 1.88
BWk 7.23 7.02 –0.22
Cfa 4.28 4.77 0.49
Cfb 3.55 16.99 13.44
Csa 6.19 15.84 9.65
Csb 4.90 13.14 8.25
Dfa 6.36 6.41 0.05
Dfb 5.78 5.96 0.19
Dfc 8.05 8.73 0.68
Dsc 5.88 6.79 0.91
Dwa* — 3.75 3.75
Dwb* — 7.50 7.50
ET 4.19 9.37 5.18
*Climates which are represented by only one gage and for which deriving error by averaging the 
climate (tp) distribution was not possible.

Table 6
Given are average relative error for climate-averaged normalized time-to-peak intensity (tp) 
distributions, and the reduction of error by considering (tp) on a climate-by-climate basis com-
pared to the error yielded by considering the average (tp) distribution. 

daily MX.5P adjustment factors improved 
the comparison to the reference set because 
of the greater degree to which unadjusted 
MX.5P values are underestimated. In com-
parison, the average ip difference is 45% 
when MX.5P values derived from hourly 
data are unadjusted.

Summary and Conclusions
Climate-based intensity adjustment factors 
for 17 Köppen climate regions were deter-
mined using 143 stations distributed across 
the United States with 5 min resolution 
precipitation data and with both rain and 
snowfall records. The adjustment factors for 
MX.5P are used for the stochastic generator, 
CLIGEN, and the outputs of CLIGEN may 
be used for several soil erosion models and 
numerous other applications. The intensity 
adjustment factors account for the fact that 
the maximum 30 min intensity of a precipi-
tation event is nearly always greater than the 
intensity calculated by time-averaging fixed 
measurement intervals. Therefore, MX.5P 
was effectively temporally downscaled to 
offset the underestimation that occurs as a 
result of time-averaging longer intervals. The 
downscaling was done by applying MX.5P 
adjustment factors given by four different 

regression equations that all yielded sig-
nificant outcomes for each climate and 10, 
15, 30, 60, 180, and 1,440 min resolutions. 
Climate-averaged tp distributions were also 
determined, and while the climate distri-
butions did not differ significantly from the 
average distribution of the data set, relative 
error was reduced by applying the climate 
averages. The differences in the results for 
each climate demonstrated the ability of the 
Köppen climate classification to distinguish 
the weather patterns and storm character-
istics that are unique to each climate. The 
determined climate-based intensity fac-
tors were then applied to CLIGEN inputs 
for simulations carried out for each station. 
Analyzing the outputs, average ip and tp 
obtained by using the adjustment factors 
differed by ~1% from reference ip and tp 
averages, though hourly adjustment factors 
produced better agreement with reference 
output than daily factors.

The methodology illustrated that inten-
sity can be temporally downscaled from 
time-averaged intensity at lower resolutions 
using linear ordinary least squares regres-
sions. The overall success of the regressions 
reflects the self-similarity of storm patterns 
that served as the theoretical basis for down-
scaling. If MX.5P values are not downscaled, 
they may be underestimated by ~60% and 
~1,200% on average for hourly and daily 
values, respectively, showing that underesti-
mation may be substantial when values are 
unadjusted. The simplest regression equation, 
5, was the most reliable option because its 
intensity coefficient term was always statis-
tically significant, yielded errors comparable 
to the expanded equations, and never led to 
negative predicted values. Equations 7 and 
8, though significant overall, were not as 
successful in yielding significance of individ-
ual regression terms, partly due to the low 
predictive power of elevation. Additional 
methodologies may improve the temporal 
correlations, including use of a windward/
leeward variable and a coastal proximity vari-
able in the regression equation. Improvement 
may also be found by using weighted 
regression, cluster analysis, and considering 
temporal correlations on a seasonal basis.

This research demonstrates an approach 
to facilitate the prediction of intensity fac-
tors from precipitation data with temporal 
resolution as low as 1,440 min (daily) by 
applying the climate-based intensity fac-
tors to CLIGEN input parameters. Because 
hourly and daily data are generally more 
available to researchers, this has the benefit 
of allowing a wider assortment of precipita-
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tion data to drive RHEM, WEPP, and other 
soil erosion models. Therefore, use of the cli-
mate-based intensity factors has the potential 
to further the trend in soil erosion modeling 
of achieving higher spatial resolutions and 
greater extents of spatial coverage. Spatially 
distributed precipitation data like radar prod-
ucts and climate model outputs available 
across large spatial extents could potentially 
be temporally downscaled to the resolution 
needed for erosion modeling. This could 
potentially enable global-scale analysis. Global 
studies using large point-based data sets that 
require interpolation, such as Panagos et al. 
(2017), can also benefit by allowing a greater 
number of locations to be considered with 
accurately estimated precipitation intensity. 
Other intensity factors could potentially be 
determined on the basis of their climate and 
temporal resolution by performing temporal 
downscaling in conjunction with Köppen 
climate classifications, and future work could 
include additional classifications to those 
analyzed in this analysis.
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