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e Precipitation records of multiple temporal resolutions are analyzed.
e Precipitation takes two distinct scaling regimes over different scales.
e Precipitation persistence over different scales is process-dependent.
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The results show that precipitation persistence can be described as a varying rather
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Precipitation persistence than a universal scaling behavior. Two distinct scaling regimes are determined by their
Process-dependent associated power law behavior (F(s) o s%, F(s) is the fluctuation function, s is the time
Scaling regime scale, « is the scaling exponent) and they are process-dependent: a regime of frontal

systems with stronger LTP (s is less than around 200 h, @ =~ 0.74) and a regime
of random nature of weather system and climate variability with weaker LTP (s is
larger than around 200 h, @ = 0.54). This result indicates that when we simulate the
precipitation process, it is necessary to take the different persistent properties over the
corresponding scale range into account to select the appropriate model.
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1. Introduction

Long-term persistence (LTP), also called long-term correlation (LTC), long-term memory (LTM) means that the present
states of a system may have a further influence on the states in the future. One can simply explain it by using
autocorrelation function C(s). If the autocorrelation function C(s) of a time series decays as a power law, C(s) ~ s77,
then the typical correlation time is not integrable and we can consider it long-term correlated [1]. Studies show that the
LTP exists in the time series of several climatological and hydrological variables such as temperature and river runoff
[2-8].

While the LTP in climatological and hydrological systems has been discussed for decades, the existence in long-term
persistence of precipitation is still under debate. The difficulty arises from the complex structures and wide range of
temporal and spatial scales of precipitation as precipitation involves various complex atmospheric processes, including
storms, frontal systems and seasonal fluctuations [9-13].
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The first study for long-term persistence of precipitation dates back to 1956, when Hurst found that Hurst exponent
of precipitation records indicated long-term persistence [2]. Later, Potter applied autocorrelation function and found
the annual precipitation is a short-memory process [3]. More recently, the growing number of precipitation datasets
with long-term records and newly developed methods allow further investigation of the long-term statistical analysis
on precipitation. However, the results are still controversial in the literature. Using the daily instrumental precipitation
records, previous studies pointed out that the precipitation process presents a weakly correlated behavior by the method
of Detrended Fluctuation Analysis (DFA), rescaled range analysis and periodogram [10,11,13-15]. However, on the basis
of power spectra analysis, the ensemble averaged power spectra of precipitation exhibit distinct scaling regimes: white
noise at intermediate scales (from one month to three years) and LTP on scales larger than three years [4]. Moreover, with
the development of precipitation reconstructions, many studies found long-term persistence exists in the precipitation
reconstructions and model simulations. Bunde compared proxy-based reconstructions with model simulations and
instrumental records at the same geographic areas [12]. They found instrumental precipitation observations behave like
white noise, while a long-term persistence behavior exists in the reconstruction datasets. It is in good agreement with
the results found by Markonis and Koutsoyiannis, who insist that precipitation persistence in the reconstruction datasets
is scale-dependent. Below decadal time scales, it presents as white noise or Markov-typed process. When it comes to
multi-decadal timescales, the long-term persistence or Hurst-Kolmogorov (HK) behavior emerges [16].

So whether the precipitation process presents long-term persistence is still an open question. The conflicts result from
the different sampled datasets, the limited observation records or inappropriate applied methods. First of all, different res-
olution precipitation records have been considered in the literature, such as 5-minute or 15-minute precipitation records
[4] [9], daily or monthly precipitation records [10-13,15,17], and even annual precipitation records [3]. Finer resolution
sampled precipitation can keep the detailed structures on the smaller time scales. Coarse resolution sampled precipitation
will filter off these details. So different resolution sampled precipitation records with different data length will present
different correlation structures of precipitation. Secondly, the sequences of high-resolution precipitation, which contain
significant trends and strong intermittency in time domain, are non-stationary [18]. This intrinsic non-stationarity in
precipitation series can induce misleading results. Various Hurst estimators are affected by the non-stationary properties
[19-21]. So to choose the suitable method analyzing the precipitation records is necessary. Thirdly, the different results
are closely linked with different precipitation process and dynamics. For example, the long-term persistence within a
storm is very different compared with fluctuations at the seasonal scale. Thus it is useful and appropriate to characterize
the LTP behavior within a typical scale range and link the LTP behavior with typical precipitation process [4,22,23].

In this paper, we use finer resolution instrumental datasets and suitable method to solve the problems listed above. We
use hourly and daily resolution sampled precipitation records over the United States. The high-resolution precipitation
records allow us to detect the persistence over smaller time scales, and provide more reliable results, compared with
climate simulations and reconstructions. To avoid the spurious results caused by non-stationarity existing in the high-
resolution records, DFA is applied here [19-21,24]. It permits the detection of long-range correlations embedded in
a seemingly non-stationary time series. In the aspect of dealing with the multiple scaling behaviors, it has also been
successfully applied in temperature, wind speeds and so on [8,24]. In this way, we can study the precipitation persistence
behavior over a range of temporal scales and identify it is process-dependent. One of the most common methods,
power spectrum, is also used in this paper [25,26]. Even though larger fluctuations could increase uncertainties in
spectral exponent estimation, it is an effective way to help us verify that the process-dependent long-term persistence in
precipitation truly exists. Other estimators, such as R/S, Whittle, which derived under certain assumption, are not suitable
here [27-29].

The paper is organized as follows: In Section 2 we describe precipitation data used in this study, the detrended
fluctuation analysis method and how robust of DFA on intermittent series. The detailed results from observational data
and numerical tests are shown in Section 3. In Section 4, we conclude the results and make a further discussion about the
intermittency impacts. We also provide discussion about scale-dependent properties of long-term persistence in other
climate variables.

2. Data and methods
2.1. Data

We use hourly and daily instrumental precipitation data across the United States, provided by the National Oceanic
and Atmospheric Administration (NOAA). Table 1 summarizes the data resolution, number of series, data length, data
source as well as missing value ratio. The missing data are filled up by linear interpolation method [30].

Fig. 1 shows the locations of hourly and daily sampled precipitation gauges used in this paper and one example time
series of the hourly and daily records. Even though most of the gauges are not overlapped, they distribute evenly over
the United States.

The annual cycle can be found in the hourly and daily precipitation records. The oscillation may lead a false
determination of the correlation behavior [24]. In order to remove the periodic annual cycle, we use the anomaly series
(whose annual cycle has been removed). Take hourly record as an example, we use x; = (x; — (X;)n)/0in, Where x; is
the original hourly precipitation series, x; , represents the hth hour precipitation of each year, h = 1,2...8640. (x;);
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Table 1

Data details we used in the paper.
Resolution Number of series Length Source Missing valus
Hourly 90 39 to 73 years NOAA*® Less than 10%
Daily 13 Nearly 100 years NOAA* Less than 6%

2https://www.ncdc.noaa.gov/cdo-web/datatools/findstation.
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Fig. 1. Locations of hourly and daily sampled precipitation gauges we used over the United States (a) and typical time series of the hourly and daily
records (b).

represents the mean value of hth hour precipitation of each year and o;, is its standard deviation. If the precipitation is
equal to 0 of all x; , for a givenh, then the new x; is equal to 0. The annual cycle of daily precipitation is removed by the
similar method.

In order to compare the self-consistence of estimated correlation among different resolution sampled precipitation
records, the hourly resolution precipitation within a day can be accumulated into daily sampled record and further to
bi-weekly sampled record within two weeks.

2.2. Method

In order to avoid spurious results caused by non-stationarity in datasets and provide the multiple scaling properties,
the DFA is applied here.

There are three steps in DFA algorithm:
(1) Calculate the profile of the time series

k
Y= X, i=12...N
i=1

(2) The profile series is divided into N; = [N/s] non-overlapping segments with equal lengths s, indexed by k = 1, 2, ..., N;.
Since the length of series is not always equally divided exactly, the same procedure should be repeated by the other end
of series. In each segment s, we apply the least square regression method to determine the local trend of each segment
and get the F2(k) as the variance of kth segment. In this paper, the detrended order is taken as 2.
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Fig. 2. Double log plots of F(s) vs s from generated long-term correlated data sets with length N = 2'® (black), truncated data with intermittency
pattern of real hourly precipitation anomaly (red), shuffle of the truncated data (green), summed data over 24 non-overlapping windows (blue).
Solid black lines are linear fit over corresponding specific ranges.

(3) Average all segments of length, we get the root-mean-square fluctuation.

At the timescale range where the scaling holds, F(s) increases with time window s as power law F(s) o s*. Consequently,
the fluctuation F(s) versus the time scale s would be depicted as a straight line in the double-logarithmic plot. The slope
of the fitted linear regression line is the scaling exponent «, also called correlation exponent. If « = 0.5, the time series
is uncorrelated. If 0.5 < « < 1, the time series is positively long-term correlated, which also means the long-term
persistence exist across the corresponding scale range.

The spectral exponent § based on power spectrum is given by the slope of the least square regression of the power
spectrum plotted in log-log scales. Theoretically, the exponents «, 8 are connected with a relationship: o = # [21].

In order to confirm our findings are unique features in precipitation, we compare the results with artificially generated
long-term correlated data. The artificial data is obtained through Fourier-filtering technique [31]. The spectral exponents
of an uncorrelated random data are multiplied by f~#, where the relation between spectral exponent 8 and DFA exponent
a is B = 2a — 1 [21]. The series is then transformed back by inverse Fourier with the modified exponents. The generated
series exhibits a power-law correlation over all the time scales.

Intermittency, one of the most obvious features in high-resolution datasets should not be ignored during the LTP
studies. To evaluate the robustness of DFA on intermittent series, we simulate a truncated time series. The truncated time
series is derived from the generated long-term correlated time series with Generalized Pareto distribution (GPD) (or other
distributions, such as normal distribution, will not change the conclusions given in this study), but set some values equal
to zero with the same intermittency pattern of the real precipitation anomaly series. The scaling exponent of the generated
long-term correlated data is g = 0.80 and the length is N = 70128 which is the same with 8-year hourly precipitation
series. Fig. 2 shows the result of truncated series with the real hourly precipitation anomaly intermittency pattern. For
comparison, results of the original generated series and the shuffled of the truncated series are also shown. When DFA is
applied on both the original and the truncated time series, it turns out that intermittency lead a little bit negative bias of
the estimation (¢g = 0.80, oy = 0.70). When we shuffle the intermittency pattern, the long-term persistence disappears
(az = 0.50). Even though the intermittency pattern causes a negative bias for the exponent estimation, the long-term
persistence of known time series can also be detected by DFA.

3. Results
3.1. Hourly precipitation

Hourly precipitation over a representative meteorological station (Washington in Virginia) is selected to show the
results. The time span of the precipitation series is from 1949 to 2013. DFA results show that two dominated scaling

ranges (Fig. 3a) are separated by a crossover at around 180 h, where the crossover can be simply determined by the
position of maximum residual (MR) in the least-squares fitting log F(s) to logs (Fig. 3c). The similar crossover position
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Fig. 3. Double log plots of F(s) vs s from hourly (hollow), accumulated daily (red) and accumulated bi-weekly (blue) sampled precipitation records
(a), and power spectrum from hourly sampled precipitation records (b). Solid green lines are linear fit over corresponding specific ranges and Dash
violet lines are linear fit over whole range. Crossover determined by residuals of the linear fit logF(s) vs logs over the whole scale range from
hourly (hollow) (c) and by the multiple-range least regression method (d).

(see Fig. 3d, around 175 h) can also be obtained from multiple-range regression method [32]. Similar dominated scaling
ranges and crossover can also be found in the power spectrum analysis (Fig. 3b). However, the large fluctuations in all
frequency range will increase larger uncertainties on estimating the scaling exponents and crossover positions. So we can
only qualitatively learn the existence of two dominated scaling ranges and crossover by the power spectrum analysis. If
we need more quantitative results, the exponents estimated by DFA should be analyzed. Above this crossover (determined
by MR method), the exponent is « = 0.527 (i.e.,, 8 = 0.054), which means a weak correlation at the scale larger than
180 h (Fig. 3a). It is consistent with previous studies that a weakly correlated behavior has been detected at scales larger
than 10 days from daily resolution precipitation over Europe [11] and China [13,15]. But when it comes to the shorter
time range, something different happened. The exponent increases to « = 0.729 (i.e., § = 0.458). It indicates that a
strong positive persistence exists at the scale smaller than 180 h. When accumulated daily precipitation data and bi-
weekly precipitation data are applied to carry on the same analysis, the lines of F(s) overlap with the lines obtained from
original hourly resolution precipitation (Fig. 3a). With the temporal resolution decreases (more have been accumulated),
the long-term correlation structure below the crossover will be reduced. Since the accumulated summation is a kind of
filtering, fluctuations on the higher frequency will be smoothed off. The accumulated precipitation will reflect the scaling
behavior on the larger time scales, but hide the smaller scales.

The crossover and scaling exponents are variable among stations. For 90 hourly sampled series, most of crossovers
are distributed from 150 h to 250 h (nearly 75% among 90 records, see Fig. 4a. The averaged crossover between the two
scaling regimes happens around 200 h. Fig. 4b and 4c show the correlation behaviors quantified by scaling exponent
o above and below each specific crossover position from 90 rain gauges in the United States. On the scale above each
specific crossover position, most of the exponents fall into the interval between 0.52 and 0.60. In fact, the mean value
of scaling exponents for the 90 stations is @ = 0.563 (i.e.,, 8 = 0.126) and standard deviation is o, = 0.032, indicating
a weak long-term persistence. This result is in well accordance with the previous results [11,13] from daily resolution
precipitation (@ = 0.54, 0, = 0.02) over 739 stations in China. While this is a little bit different from the schematic
diagram of scaling regimes of continental European rainfall over range from 1 month to 3 years 8 = 0 (i.e., « = 0.5 [4]).
The difference mainly results from the method of Fourier spectral analysis, which is prone to be biased by the trends
or non-stationarity [19-21]. Fig. 4c shows the distribution of scaling exponents below each specific crossover. Most of
the exponents fall into the interval between 0.65 and 0.75 with @ = 0.700, o, = 0.051 (i.e., 8 = 0.400), indicating a
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Fig. 4. The histograms of the crossover calculated by maximum residuals method from (a) 90 hourly sampled precipitation records. The histograms

of the correlation exponents over the scale range (b) larger than each specific crossover and (c) below each specific crossover from 90 hourly sampled
precipitation records.

strong long-term persistence. This result is in well accordance with the results suggested from Fourier spectral analysis
by Fraedrich and Larnder in their schematic diagram of scaling regimes of continental European rainfall range from 2.4 h
to 3 days (8 = 0.5 i.e, « = 0.75 [4]).

Thus two distinct scaling regimes are identified, one corresponding to weak long-term persistence and the other to
strong long-term persistence, separated by around 200 h. The different scaling behaviors of precipitation may be induced
by different physical mechanisms, just like temperature [33,34]. The regime below 200 h is a typical range related to
frontal system [4], since the mean duration of warm and cold fronts lasts between 8 and 12 h and the warm front-sector-
cold lasts 29 to 34 h. The average reoccurrence time between successive cold and warm fronts are from 80 to 120 h. So
the persistence of precipitation that controlled by frontal system behaves strongly long-term correlated. Above 200 h,
there is no larger precipitating system caused by baroclinic instability. It acts like white noise as the passage of weather

systems does not appear to show any nontrivial organization. The precipitation process is perhaps mainly dominated by
climate variability.

3.2. Daily sampled precipitation

In order to investigate the scaling behavior extended to longer time scales, we use 13 long daily precipitation records
to analyze the precipitation scaling behaviors range from 9 days to 3 years and above 3 years. Fig. 5 shows the histograms
of @ within these two scaling regimes. We cannot find distinct differences between these two regimes. At the scale above
3 years, most of the exponents are about 0.56 (Fig. 5a) (@ = 0.54, o, = 0.03). At the scale range from 9 days to 3 years,
most of the exponents fall into the interval between o« = 0.54 and « = 0.55 (Fig. 5b) (& = 0.54, 0, = 0.02). This result is
in well accordance with the previous results (@ = 0.568, o, = 0.032) given in Fig. 4b from hourly sampled records and
the previous results (@ = 0.54, o, = 0.03) from daily resolution precipitation over 739 stations in China [13]. However
this result is markedly different from the result suggested by Fraedrich and Larnder. They defined a new regime (8 = 0.7
i.e.,, « = 0.85) on the range above 3 years, with the method of Fourier spectral analysis [4]. This difference mainly results
from the method of Fourier spectral analysis with scattered spectrum in the low frequency range [9], which makes it
difficult to reach an objective conclusion.
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3.3. Accumulation effect and scale dependence

In order to test that the scaling regime behavior is the unique feature found in precipitation and there is no effect on
the estimation due to accumulation, we generated linear long-term correlated records using Fourier-filtering technique
[31] to model hourly sampled correlated process. Then we summed the generated series over 24 and 168 non-overlapping
windows to get the corresponding daily and weekly datasets. Take correlation exponent « = 0.70 as an example, Fig. 6 is
the mean detrended variability F(s) versus scale s from 20 data sets with length N = 5 x 10°. Detrended variability F(s)
from different resolution samples is coincident with each other on the same range and there is no crossover within the
whole range. There is no process-dependent persistence in the idealized correlated process and the accumulation over
different windows (different resolutions) will cause no impact on the estimation of correlation exponent.

4. Discussions and conclusions

Using the daily precipitation records, many previous studies claim that precipitation possesses a unique scaling
behavior, which is uncorrelated or weakly positive correlated. Based on hourly and daily sampled precipitation data,
the multiple scaling behaviors over the United States have been analyzed by DFA method. The precipitation does possess
multiple scaling on sub-ranges rather than a unique scaling behavior. A composite diagram of different scaling regimes
averaged by all of the precipitation records with hourly and daily resolutions over the United States is shown in Fig. 7.
The similar exponents and crossovers obtained by the two methods make the results more convincing and independent
of methodology. The scaling behavior of precipitation process contains two regimes: a regime with stronger LTP (around
12 h<s <200 h, o ~ 0.74) and a regime with weaker LTP ( around 200 h < s < 24 years , o &~ 0.54).

Two distinct scaling regimes with different correlation structures correspond to different processes in precipitation.
The process with the time scale less than 200 h represents frontal system [4] [9]. Within this scale range, the mean value
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for scaling exponent is close to 0.7, indicating strong long-term persistence. In this case, a strongly positive long-term
correlated process should be used to model the frontal systems [35].

The process with the time scale starts from around 200 h is regarded as random nature of weather systems and climate
variability. Within this scale range, the mean value for correlation exponents is about 0.55, indicting a weakly long-term
persistence process. In that case, Markov process can be used to model the precipitation at large time scales [3,4,12,36].

We conclude that the long-term persistence of precipitation is process-dependent. When we simulate the precipitation
process over the different scales, it is necessary to emphasis the different persistence properties over the corresponding
scale.

It has not well known enough that how the presence of zero values may considerably affect the LTP of precipitation,
even though it has been noticed for a long time [37,38]. Recently, De Montera advocated the presence of zeros lead to
a break in the scaling at 1 h time scale when they performed the scaling analysis of high resolution time series [39].
Verrier et al. compared the scaling behavior of uninterrupted rain series (with almost zeros) and rain events and found
zero values of rainfall will strongly affect the scaling properties at large scales [40]. There is also intrinsic information
existing in the rain-no rain pattern.

Precipitation is not the only variable which presents such process dependent feature. It has been suggested [41] that
the atmospheric fluctuation contains 5 scaling regimes: a regime of weather (s < 10 days, « ~ 0.75), a regime of macro-
weather (10 days < s < 50 years, o ~ —0.2), a regime of climate (50 years < s < 80 kyrs, « ~ 0.4), a regime of macroclimate
(80 kyrs < s < 0.5 Myrs, « ~ —0.8), a regime of mega-climate (s > 0.5 Myr, @ ~ 0.4). As we move from one regime to
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the next, the scaling exponent alternates in sign and magnitudes. The transition scale of around 10 days can be predicted
by the scaling of the turbulent wind due to solar forcing [42]. Similar phenomenon also occurs in paleo-temperature
records between glacier and inter-glacier time scales [36]. The Holocene and the glacial climates have distinctly different
scaling properties. The Holocene is mono-fractal with a scaling exponent @ ~ 0.7. On the contrary, the glacial climate
is multi-fractal with « ~ 1.2, indicating a longer persistence time and the stronger nonlinearities. When entering the
glacial climate state and even longer time scales, a scale break is observed at the Milankovitch time scale (around 20 kyr).
When the scale is longer than 20 kyr, a trivial scaling with a Hurst exponent close to 0.5 is found. The scale-dependent
properties of long-term correlation occur at the wind speed as well. For temporal scales longer than one day, the scaling
exponent is greater than 0.5. For shorter time scales, the scaling exponent is close to unity, which is characteristic of
1/f noise [32,43,44]. Precipitation and wind time series are similar in some aspects. For example, dry and wet spells in
precipitation records correspond to windy and calm spells in wind spells records. So the possible reason for wind speed
crossover occurrence is also due to the multiple temporal scaling characteristics.
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