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Abstract Ground-based GPS and weather stations time series for the period 2010–2012 of precipitable water vapor
(PWV), relative humidity (RH), and surface temperature (T)
of half-hourly resolution are analyzed to demonstrate their
value for dynamical analyses and weather forecasting. Three
sample stations in the USA from the SoumiNet network are
considered, which have rather continuous data for the last
3 years and a few missing values. Results for the three stations
reveal the following features: (1) PWV time behavior is dominated by the annual cycle superimposed on high-frequency
fluctuations with missing daily cycle, indicating a prevailing
large-scale transport source of precipitable water at these sites;
(2) RH is characterized by the daily cycle and high-frequency
variability, while the annual cycle is missing; (3) T mainly
varies following the annual and diurnal cycles; and (4) all
variables show similar scaling properties of their variance
spectra, S(f)∼f–β, with a high-frequency regime of red noise
type scaling (β∼2) up to a day and long-term persistence
beyond a week (β∼0.5), with a week-long frequency interval
of transition. Detrended fluctuation analysis of relative humidity indicates a clear long-term persistence scaling covering
more than three decades. Implications of these findings on
weather forecasting and climate modeling are discussed.

1 Introduction
The Global Positioning System (GPS) became fully operational in 1994, when its satellite constellation was completed. GPS was originally designed as a highly accurate
navigational system and has become a widely used tool for
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high precision (millimeter-level) geodetic measurements. It
has been applied to a variety of geophysical phenomena,
including the motion of tectonic plates, plate-boundary deformation, motion associated with earthquakes, and changing Earth orientation (see Yunck 1995 and references
therein). The atmospheric water vapor introduces additional
delay to the primary GPS observable, i.e., the radio wave
propagation time, which for the purposes of geodesy must
be removed to the extent possible. The precise estimation of
the excess propagation delay for increased geodetic precision has initiated an additional application of GPS, that is
the remote sensing of atmospheric water vapor (Bevis et al.
1992). Recent uses of GPS include ground-based measurements for atmospheric and ionospheric applications
(Businger et al. 1996; Wilson et al. 1995), as well as atmosphere and ionosphere soundings using low-Earth orbiters
equipped with GPS receivers (see for example Hajj et al.
2004 and references therein).
In ground-based GPS meteorology, the main objective is
to remotely sense the precipitable water vapor (PWV) in the
atmosphere, which is mainly used in numerical weather
prediction (Guerova et al. 2004; Vedel et al. 2004; Bennitt
and Jupp 2012) and in climatological investigations
(Gradinarsky et al. 2002; Nilsson and Elgered 2008). GPS
can provide a continuous measurement on a near real-time
basis (half-hour) of the average total PWV on a site. Besides
the high temporal resolution, this observation technique is
characterized by several advantages when compared with
the traditional observing systems (i.e., radiosondes, groundbased microwave radiometers, and satellite observations):
independence on sensor calibrations and therefore long-term
stability, all-weather capability, high accuracy, and low cost.
Moreover, while the accuracy of tropospheric humidity by
GPS radio occultations decreases in the lower troposphere
(lowest 5 km) where there is about 95 % of the total
atmospheric water vapor, ground-based GPS measurements
have proven to estimate the content of integrated water
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vapor in an air column very accurately (e.g., Bevis et al.
1992, 1994; Tregoning et al. 1998; Wickert et al. 2002; Hajj
et al. 2004). Along the years, several ground-based GPS
networks have been established worldwide, delivering data
both for scientific and operational applications in different
fields (e.g., the university-based GPS network SoumiNet,
the Swedish SWEPOS and the Finnish FinnRef networks,
the EUREF and IGS networks operating at European and
global scale, respectively).
Crossing the Earth’s atmosphere, atomic clock controlled
L-band signals transmitted by the constellation of GPS satellites are affected significantly by the variability of the atmospheric refractive index, which causes signal path delays.
Using a dual-band GPS receiver, the ionospheric delay can
be eliminated. The remainder of the atmospheric delay, the socalled tropospheric delay, can be decomposed into a “hydrostatic delay (HD)” associated with induced dipole moment of
the dry atmosphere and a “wet delay (WD)” associated with
the permanent dipole moment of water vapor. The hydrostatic
component, accounting for about 90 % of the total tropospheric delay, can be calculated with an accuracy of 0.2 % as a
function of surface pressure at GPS antenna height and a term
that accounts for the dependence of gravity acceleration from
latitude and surface height above the ellipsoid (Davis et al.
1985). The total tropospheric delay measured by the GPS
receiver is eventually mapped into the Zenith Total Delay
(ZTD) using a mapping function (e.g., Niell 1996).
Saastamoinen (1972) showed that the ZTD can be expressed
as the sum of the Zenith Hydrostatic Delay (ZHD) and the
Zenith Wet Delay (ZWD). The ZWD can be estimated by
subtracting ZHD from ZTD and is then converted into an
estimate of PWV through a conversion factor depending on
the water vapor weighted atmospheric temperature Tm. As
suggested by Bevis et al. (1992, 1994), Tm can suitably be
determined from operational weather prediction models or
from observations of surface temperature Ts at the station
assuming a linear relationship between the two variables.
The latter approach suffers from systematic temperature
overestimation at mid-high latitudes (up to 5 K) and underestimation at low latitudes (up to 6 K). Nevertheless, it was
found that GPS retrieval of PWV is rather robust against Tm
uncertainties (a Tm uncertainty of 5 K is related to 1.7–2.0 %
in PWV; Hagemann et al. 2003). Moreover, the consistency of
PWV retrieved from ground-based GPS with radiosondes and
water vapor radiometers has been tested and estimated to be
about 1–2 mm (Tregoning et al. 1998; Elgered et al. 1998).
Water vapor is not only the dominant greenhouse gas in
the atmosphere but it also plays a fundamental role in
atmospheric processes that act on a wide range of spatial
and temporal scales. It is widely recognized that moisture
fields are inadequately defined in global, regional, and local
weather analysis and forecasting. This stems from the sparsity of water vapor observations, combined with the high

spatial and temporal variability of moisture fields (Trenberth
and Guillemot 1996). Ground-based GPS sensing of atmospheric moisture is able to provide frequent and accurate
moisture data that are unaffected by weather conditions or
time of day. Timely and accurate PWV data are needed to
advance mesoscale modeling (Smith et al. 2007), and to
improve the quality of short-term precipitation forecasts
(Emanuel et al. 1995) and severe storms prediction
(Businger et al. 1996; Crook 1996). The understanding of
PWV changes on different time scales is of particular interest also for radiative transfer models and climate studies (Jin
et al. 2007; Roman et al. 2012). Moreover, there is great
interest in the time variability of relative humidity (RH)
since the key climate feedback due to water vapor and
clouds rest largely on how RH changes in a warmer climate.
It is widely known that the water vapor feedback in general
circulation models (GCMs) is close to that which would
result from an invariant distribution of RH, leading, as
discussed by Manabe and Wetherald (1967), to a smaller
increase of the terrestrial radiation emitted by the planet than
would be predicted by the Stefan–Boltzmann relationship.
However, while GCM-predicted changes in RH are modest,
this does not mean they are unimportant since they can
affect cloud formation, precipitation efficiency, and the outgoing longwave radiation.
The aim of the present paper is to provide an analysis of the
time behavior of PWV, RH, and surface temperature T as
measured from ground-based GPS and on-site weather stations
to demonstrate their value for dynamical analyses and weather
forecasting. For this purpose, three stations in the USA belonging to the SoumiNet network (Ware et al. 2000) are
considered, which have almost continuous observations every
30 min for the last 3 years (2010–2012) and only a few missing
values. Power spectral analysis and Detrended Fluctuation
Analysis (DFA) are applied to the time series to describe
statistically significant periodicities and memory effects. The
potential of ground-based GPS for monitoring extreme weather events is illustrated considering Hurricane Irene.

2 Data and data analysis
Measurements from ground-based GPS and on-site weather
stations provide the basic data sets that are subjected to time
series analyses with the aim to investigate their periodicity
and memory features, which are relevant for short- and
long-range prediction.
2.1 Data
Observations used in the present analysis belong to SoumiNet,
which is a university-based GPS network operating in near
real time managed by the University Corporation for
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Table 1 Characteristics of ground-based GPS stations selected for the present study
No. GPS
station

Station
name

City or Town, State

Latitude
(degree N)

Longitude
(degree W)

Elevation (m, above
reference ellipsoid)

1
2
3
4

HTV5
MSHT
TXTY
NBR5

Hartsville, Tennessee
Hattiesburg, Mississippi
Tyler, Texas
New Bern, North Carolina

36.36
31.33
32.25
35.18

86.09
89.34
95.39
77.05

198.83
93.10
148.44
13.39

5
6

VIMS
SA22

Wachapreague, Virginia
Union, New Jersey

37.61
40.68

75.69
74.23

8.34
29.27

Data from stations no. 1–3 are used for spectral scaling analysis, while data from stations no. 4–6 are used to illustrate the passage of hurricane Irene

Atmospheric Research (UCAR) in Boulder, CO (Ware et al.
2000). GPS stations are equipped with meteorological ground
sensors for the simultaneous and independent measurement of
surface pressure (Ps), temperature, and relative humidity. Data
of PWV, RH, and T every half-hour, covering the period
2010–2012, and retrieved from the following three stations
are considered: (1) HTV5 at Hartsville, Tennessee; (2) MSHT
at Hattiesburg, Mississippi; and (3) TXTY at Tyler, Texas (see
Table 1 and Fig. 1 for stations characteristics and location,
respectively). Stations have been selected on the basis of a
long record length and a few missing values. The latter have
been replaced by linear interpolations before the analysis.
Moreover, to illustrate the capability of ground GPS in
detecting the hurricane Irene, three stations along the US
east coast have been selected. They are NBR5 at New Bern
in North Carolina, VIMS at Wachapreague in Virginia, and
SA22 at Union in New Jersey (stations no. 4–6 in Table 1;
green bullets in Fig. 1). In this case, the time series of PWV
and Ps for August 2011 are taken into account.
On-site ground sensors provide measurements of RH, T,
and Ps, while ground-based GPS receiver gives measurements
of ZTD used for the retrieval of PWV. COSMIC’s Ground
Fig. 1 Location of groundbased GPS stations used for
power spectral analysis
(red bullets) and for monitoring
the history of Hurricane Irene
(green bullets). For station
characteristics, see Table 1

°
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Based GPS Research Group (http://www.cosmic.ucar.edu/
groundbased.html) analyzes GPS data from the SoumiNet
network. Real-time GPS data are retrieved hourly and the
Bernese software (Beutler et al. 1996) is used to estimate
PWV. The software for real-time processing is operated by
the Bernese Processing Engine developed jointly by the
University of Bern and the UCAR GPS Research Group.
Processing is done with ultra-rapid predicted GPS orbits estimated from the International GPS Service global network data
collected during the previous day (Rocken et al. 1997). The
signal delay due to the dry atmosphere is removed using
surface barometric pressure measurements and a mapping
function (Niell 1996). Vertical ZWD is estimated every
30 min for each station in the network under the assumption
that the delay is azimuthally isotropic and changes approximately as the cosecant of the satellite elevation angle.
The dimensionless proportional constant that relates
ZWD to PWV is estimated using the weighted mean
temperature of the atmosphere Tm computed from the
vertical profiles of temperature and water vapor partial
pressure provided by the NCEP’s Global Forecast
System model (http://www.emc.ncep.noaa.gov).
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2.2 Data analysis
The GPS and surface meteorological data are subjected to
basic time series analysis methods both in frequency and time
domain. (1) Time variability is conveniently represented by a
power spectrum which, if it follows a power law scaling S(f)∼
f–β, where f is the frequency and β the scaling coefficient, can
be associated with long-term memory when 0<β<1. Flicker
or 1/f-noise (β=1) is the limit for a stationary stochastic
process, which is associated with intermittency and selforganized criticality. (2) In the time domain, the DFA is
applied to investigate the scaling behavior of the fluctuations
on different time scales. If the data are long-range power-law
correlated, the fluctuation function F(τ) increases for large

GPS station HTV5 (Tennessee)
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Fig. 2 a–c Time behavior of
precipitable water vapor
(PWV), relative humidity (RH),
and surface temperature (T)
from January 2010 to
December 2012 measured at the
ground-based GPS station
HTV5 in Tennessee, USA.
Vertical red lines delimit the
years. Measurements are every
30 min; units for PWV, RH, and
T are millimeters, percent, and
degree Celsius, respectively.
d–f Log–log plots of the
corresponding power spectral
density as a function of
frequency. For illustrative
purposes, the power spectrum
from 1-h period up to 1-day
period (1d) is in red, between
1 day and 1 week (1w) is in
black, and longer than a week is
in green; straight lines
indicating the slopes β are
displayed above. Black thin line
is the theoretical mean red noise
spectrum, and black dashed line
is the 95 % confidence level,
equal to χ23 (95 %) times the
mean red spectrum. Units for
frequency are (30 min)–1

values of τ (i.e., the time scale of fluctuations; see
Appendix; Fraedrich et al. 2009) as a power-law, F(τ)∼τα,
where α is the Hurst (1951) exponent. For long-range correlated data, random walk theory implies that the scaling behavior of F(τ) is related to the autocorrelation function and the
power spectrum. If the time series is stationary, the exponent β
in the scaling law of the power spectrum is related to the mean
fluctuation function exponent α by β=2α–1 (see the
Appendix). Stationary white (β=0) and non-stationary
red (β=2) noise are separated by flicker or 1/f-noise
(β=1). A sample of five to six time sections is sufficient for a stable statistics and scaling estimates can
span a time domain from hours to half a year or more
than three decades.
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3 Results
In this section, we present results showing the potential of
ground-based GPS in determining the long-term memory in
atmospheric variables and in following extreme weather
conditions such as a hurricane. The implications of longterm memory properties resulting from the analysis of PWV
time series are discussed in relation to the predictability of
extreme events return times.

3.1 Scaling and long-term memory
Power spectral density of precipitable water, relative humidity, and temperature (and the respective time series analyses)
for the three GPS stations selected are presented in Figs. 2,

1. Spectral peaks of the annual cycle (f∼1/1 year) characterize the precipitable water and temperature variability
while there is no annual signal in relative humidity. The
diurnal cycle (f∼1/1 day), affected by the boundary
layer heating, is present in relative humidity and temperature while the precipitable water variability of the
atmospheric column is affected by the large-scale tropospheric dynamics (i.e., moisture transports). Both
peaks exceed the 95 % confidence level.
GPS station MSHT (Mississippi)
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Fig. 3 As in Fig. 2 but for the
GPS station MSHT in
Mississippi, USA

3, and 4, which include the red noise (full black line) and
related 95 % confidence level (dashed line). For illustrative
purposes, the power spectra are divided into three parts:
from very short periods (1 h) up to 1-day (red), between
1 day and 1 week (black), and longer than 1 week (green).
The following results are noted:
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Fig. 4 As in Fig. 2 but for the
GPS station TXTY in Texas,
USA

GPS station TXTY (Texas)
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2. Spectral scaling, S(f)∼f–β, which shows similar features
for all variables, can be suitably characterized by three
domains of variability: up to 1 day, fast fluctuations
follow the red noise variability (β∼2, red) that, beyond a
transition period of about a week (black), attains a scaling
regime with persistence (β∼0.5, green). Compared to the
reference red noise process, the scaling behavior of persistence (>1 week) is a significant feature of all GPS
station data.
3. Fluctuation analysis: all time series are subjected to DFA
(see Appendix), and results of DFA-2 are presented in
Fig. 5. The scaling of persistence is a striking feature of all
time series; in particular, the relative humidity (middle
row in Fig. 5) shows a prominent scaling behavior of
long-term persistence (0.71<α <0.78), which covers
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more than three decades and is due to a non-existent
annual cycle. It is worth noticing that the resulting Hurst
coefficients α are consistent with the exponents β in the
scaling law from the corresponding power spectra (slopes
of the green part of the power spectra in Figs. 2e, 3, and
4e). In the case of precipitable water and temperature, the
scaling of F(τ) is interrupted by an increase of variability
at the time scale given by the annual oscillation.
These remarkable features demonstrate that the
half-hourly GPS data provide, due to their persistence behavior, valuable information for prediction
as demonstrated by Zhu et al. (2010).
4. Recurrence time of extremes: Statistical properties of
extreme event return times are exponentially distributed
for uncorrelated time series while, for long-term memory
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processes, they follow a Weibull distribution combining
stretched exponential behavior for long and a power-law
scaling for short return times (see Appendix). Shape and
scale parameters of the Weibull distribution depend on the
scaling exponent β (or Hurst coefficient α), thus probabilistic estimates of extreme event recurrence is improved
when utilizing the information on long-term memory. In
the following, we monitor such an extreme event,
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Fig. 6 The track of Hurricane
Irene (from NOAA National
Climatic Data Center, State of
the Climate: National Overview
for August 2011, published
online September 2011,
retrieved on February 13, 2013
from http://
www.ncdc.noaa.gov/sotc/
national/2011/8)
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Fig. 5 Detrended Fluctuation
Analysis of the second order
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stations HTV5 (Tennessee),
MSHT (Mississippi), and
TXTY (Texas). Time scales of
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Hurricane Irene, leaving the prediction exercise to subsequent research.

3.2 Monitoring the history of Hurricane Irene
Hurricane Irene, one of the most destructive and deadly
hurricanes that hit the USA, made landfall near Cape
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and around 07:30 UTC of August 28 (64.8 mm), respectively. As expected, the minimum values of Ps are observed
after a few hours: 968.8 mbar on 03:30 UTC at VIMS and
987.3 mbar on 13:30 UTC at SA22. The case illustrated
proves the potential of ground-based GPS network for monitoring the development of tropical disturbances and improving their intensity forecast. As pointed out before,
long-term memory characterizing PWV time series has important implications on the predictability of extreme event
return times. In particular, for time series with even weak
long-term memory it is expected that the sequences of
extreme event return times show long-term correlations with
similar long-term memory as the time series itself (Bunde et
al. 2004; Blender et al. 2008).

Lookout, North Carolina as a Category 1 hurricane on
August 27, 2011, making the first hurricane landfall in the
US since Hurricane Ike in September 2008 (Fig. 6). Irene
made a second landfall in New Jersey as a hurricane on
August 28, marking only the second recorded hurricane
landfall in that state. Then, the hurricane made another
landfall as a tropical storm along Long Island, New York,
later that same day.
Figure 7 shows the time series of the vertically integrated
atmospheric water vapor content and the surface pressure
variability after the first landfall of Hurricane Irene.
Noteworthy are the following points: (1) At 14:00 UTC of
August 27, the GPS station NBR5 in North Carolina (see
Fig. 1) has registered a rapid increase of PWV up to about
76 mm associated with a quick decline of surface pressure
Ps to about 963 mbar; then, an interruption of measurements
follows, which restart only at 16:00 UTC of day 29. (2)
Moving towards the north, the stations VIMS in Virginia
and SA22 in New Jersey (Fig. 1) registered the maximum
values of PWV around 19:00 UTC of August 27 (71.6 mm)

The variability of high resolution (30 min) ground-based
GPS time series of precipitable water, relative humidity, and
GPS station NBR5 (North Carolina)
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Fig. 7 Precipitable water vapor
(PWV) and surface pressure
(Ps) as a function of time for
August 24–31 2011 as
measured from the following
three GPS stations located
along the US east coast: a
NBR5, North Carolina; b
VIMS, Virginia; and c SA22,
New Jersey. Measurements are
every 30 min; units for PWV
and Ps are millimeter and
millibar, respectively.
Interruptions in the time series
are due to missing data. Vertical
dashed line denotes the UTC
time corresponding to the
maximum PWV value
registered during the passage of
Hurricane Irene

4 Summary and conclusions
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surface temperature of half-hourly resolution is characterized by significant peaks and scaling properties of their
power spectra S( f ): (1) Peaks at annual and diurnal periods
characterize temperature, while precipitable water reveals
only the annual and relative humidity only the diurnal cycle.
(2) All variables follow similar scaling properties of their
spectra, S( f )∼f –β, ranging from a red noise (β∼2) highfrequency regime up to a day and long-term persistence
beyond a week (β∼0.5), with a week-long frequency interval of transition. DFA of the relative humidity indicates a
clear long-term persistence scaling covering more than three
decades. To be noted is the changing slope at long time
scales in PWV and T due to the annual cycle periodicity.
In particular, the scaling properties of long-term persistence indicate the value of these data sets for weather forecasting as discussed by Zhu et al. (2010) who demonstrated
better predictability of time series with long-term memory
compared to those without. Thus, assimilating these new
high-resolution data sets into global forecast systems should
be considered beneficial for numerical weather prediction
from shorter to longer lead times. Moreover, future stochastic parameterization schemes (e.g., Ragone et al. 2013) may
require such input because long-term memory has been
demonstrated to be a viable feature in describing tropical
convection, as an alternative to the traditional quasiequilibrium assumption (Yano et al. 2001; RiemannCampe et al. 2010; Fraedrich et al. 2009). Finally, since
even weak long-term memory in time series has considerable impacts on return times of extreme events by altering
the distribution of return times and their temporal correlations (see Blender et al. 2008 and references therein), the
availability of these high-resolution GPS data may help to
improve the predictability of their extremes. The potential
utility of ground-based GPS measurements for monitoring
and forecasting meteorological dry/wet events in a given
region (Bordi and Sutera 2004) is currently under investigation, as well as the implications of long-term trends in PWV
time series on climate variability (Bordi et al. 2009, 2013).
These will be topics of future studies.
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Appendix
The method of Detrended Fluctuation Analysis (DFA)
has proven useful in revealing the extent of long-range

correlations in time series (Peng et al. 1995; Fraedrich
et al. 2009).
The DFA procedure consists of the following steps.
First, the standardized anomalies of a time series are
computed by removing the annual mean cycle and dividing by
the standard deviation (Riemann-Campe et al. 2010). Then,
the standardized anomaly time series xi (i=1, …, N) of
total length N is integrated or summed to the so-called
profile yj, as:
yj ¼

j
X

xi

ðA:1Þ

i¼1

The profile is divided into segments of equal length t,
which overlap for 50 %. In each segment, a polynomial by j
with degree n is fitted to the profile. The root-mean-square
error is computed by the deviations in the segments
resulting in the fluctuation function F(t):
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u N 
2
u1 X
F ðt Þ ¼ t
ðA:2Þ
y j − by j
N j
The fluctuation function is then computed repeatedly
varying segment lengths t. Polynomial trends of order n–1
in the original time series are eliminated by the DFA-n,
which subtracts polynomial fits of order n from the profile
in each segment (i.e., linear trends in the initial sequence
will be subtracted by DFA-2).
For power laws in the auto-correlation function C(t)∼t –c,
one obtains the fluctuation function scaling F(t)∼t α, whose
exponents are related to the power law of the spectrum,
S( f )∼f –β as follows: β=2α−1 and α=1−c/2. The exponent α equals the Hurst (1951) exponent obtained by the
rescaled range analysis.
Stationary processes with long-term memory is present
within 1/2 < α < 1 (0 < β < 1). The two limiting cases are
uncorrelated time series (white noise) with α=1/2 (β=0)
and the 1/f-noise (flicker noise) with α = 1 (β = 1);
non-stationary red or Brownian noise is characterized
by α =3/2 (β =2).
In the case of dominant oscillations, the fluctuation function F(t) shows step-like transitions at the oscillation periods, and hence, the result may be difficult to interpret for
multiple oscillations. Therefore, the DFA should be combined with power spectrum analysis.
Extreme event return times: For uncorrelated data, return
times tr are exponentially distributed following a Poisson
process:
 . 
1
exp −t r Rq
pq ð t r Þ ¼
ðA:3Þ
Rq
with Rq the mean return time depending on a given threshold q. Long-term memory leads to periods with anomalous
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persistent low or high deviations. During such periods,
extreme values are either rare (during low anomalies) or
frequent (during high anomalies). Thus, for long-term memory processes the statistical properties of extreme event
return times are altered. Blender et al. (2008) observed that
a time series with long-term memory is characterized by
intermittent fluctuations and extreme event return times
following a Weibull distribution with β-dependent shape
parameter γ=1−β and scale parameter t =Rq/Γ(1+1/γ):
γ  t r γ−1 h  . γ i
exp − t r t
pW ð t r Þ ¼
ðA:4Þ
t t
The Weibull distribution includes a power law for small
return times and an asymptotic stretched exponential for
large times. The main consequence is the long-term predictability of successive return times useful for risk assessment
(Blender et al. 2011; Santhanam 2012).
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