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Abstract: We investigate the impact of time’s arrow on the hourly streamflow process. Although
time asymmetry, i.e., temporal irreversibility, has been previously implemented in stochastics, it has
only recently attracted attention in the hydrological literature. Relevant studies have shown that the
time asymmetry of the streamflow process is manifested at scales up to several days and vanishes
at larger scales. The latter highlights the need to reproduce it in flood simulations of fine-scale
resolution. To this aim, we develop an enhancement of a recently proposed simulation algorithm
for irreversible processes, based on an asymmetric moving average (AMA) scheme that allows for
the explicit preservation of time asymmetry at two or more time-scales. The method is successfully
applied to a large hourly streamflow time series from the United States Geological Survey (USGS)
database, with time asymmetry prominent at time scales up to four days.

Keywords: time’s arrow; irreversibility; time asymmetry; stochastic simulation; streamflow

1. Introduction

The term “time’s arrow” was coined by Eddington [1] to describe time directionality,
which can be determined by studying the organization of atoms, molecules and bodies.
He states “Let us draw an arrow arbitrarily. If as we follow the arrow we find more and more of
the random element in the state of the world, then the arrow is pointing towards the future; if the
random element decreases the arrow points towards the past. That is the only distinction known
to physics. This follows at once if our fundamental contention is admitted that the introduction
of randomness is the only thing which cannot be undone. I shall use the phrase ‘time’s arrow to
express this one-way property of time which has no analogue in space. It is a singularly interesting
property from a philosophical standpoint.”

The direction of time can be handled by the class of irreversible processes that destroy
macroscopic information and are manifestations of the second law of thermodynamics.
This law states that all natural processes generate entropy, a measure of uncertainty. The
irreversible destruction of the macroscopic order defines what can be called the “thermo-
dynamic” arrow of time.

However, there are irreversible processes that do not necessarily destroy macroscopic
information. Rather they modify information in a manner that, again, by viewing their
evolution, it becomes evident which way “time’s arrow” is pointing at.

Many processes of interest to engineering and natural sciences are modelled using
Gaussian linear stochastic processes. However such a modelling approach cannot repro-
duce irreversibility. Weiss [2] showed that if the process x(t) is Gaussian, then it is time
reversible. As a result, a directional process cannot be Gaussian. He also showed that a
discrete-time autoregressive moving-average (ARMA) process is reversible if and only if it
is Gaussian. This conclusion is very important because it shows that stationary series that
show evidence of directionality cannot be modelled by Gaussian ARMA models. Therefore,
other models should be used to accurately model this behaviour [3].
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In hydrology, it is known that the ascending part of a hydrograph is steeper than the
descending one [4]. This pattern clearly reflects time’s arrow and can be modelled as a
stochastic property. However, only few methods have been proposed in the hydrolog-
ical literature to detect and statistically measure irreversibility. A method proposed by
Psaradakis [5] is based on the evaluation of the probability of the differenced process. As
the probability is positive, for time-irreversible processes there is a deviation of the median
of the differenced process from zero. In another study, Miiller et al. [6] propose a class of
new tests for time irreversibility and suggest different ways to implement them. As index
of asymmetry they use the third moment of differences of the empirical copulas rather
than of the original time series. By performing simulations of combined sewer systems
with original and time-reversed time series they found “significant deviations of more
than 10%” among them. Serinaldi and Kilsby [7] used directed horizontal visibility graphs
(DHVGs) to perform an analysis of the dynamics of streamflow fluctuations with focus
on time irreversibility and long-range dependence. The recent study of irreversibility by
Koutsoyiannis [3] states that time asymmetry requires the study of the third moment p3
and the coefficient of skewness Cs of the process, original and differenced.

Attempts to simulate time irreversible streamflow processes have been even fewer.
In this respect, Koutsoyiannis [3] proposed a model called AMA (Asymmetric Moving
Average) in order to generate irreversible time series. Mathai and Mujumdar [8] have
also built a model to simulate time irreversible streamflow at multiple sites. Multisite-
correlated streamflow states were generated, and then flow sequences were constructed
by independently considering the ascension and recession limbs of the hydrograph at
individual sites.

The above literature review highlights the importance of time asymmetry in hydrology
and the need for a broader investigation for its stochastic modelling on a global scale. In this
study, we use streamflow time series data from the United States Geological Survey (USGS)
database [9] to investigate the irreversibility of the hourly streamflow process at scales of
up to one hundred (hours). The asymmetry parameter that is employed is the same as in
the study by Koutsoyiannis [3,10]: the ratio of the skewness coefficient of the differenced
process to that of the original process. The aim is twofold: (a) to quantify the irreversibility
of the hourly streamflow process and identify at which range of scales it should affect its
modelling, and (b) to modify the existing method by Koutsoyiannis [3,10], which preserves
irreversibility at the first scale only, and to make it capable of simultaneously preserving
the irreversibility also at a second scale. Finally, the original and the extended method
are verified by a case study, while the methodology is further discussed in the thesis by
Vavoulogiannis [11].

2. Dataset

Time series were downloaded from the Water Department of USGS, the largest
provider of in situ water data in the world. For the irreversibility investigation, we com-
piled a dataset consisting of 762 stations around the USA using the climata.usgs package.
The data were downloaded at a 15 min resolution and were subsequently aggregated to the
1 h scale. The time series were downloaded for a period of five years (from November 2014
until November 2019) and had less than 10% missing values. For more information on the
data, see Vavoulogiannis [11].

3. Methodology
3.1. Definition of Time Irreversibility

A stochastic process x(t) is a collection of (usually infinitely many) random variables
x indexed by t, typically representing time. In turn, a random variable x is an abstract
mathematical entity, associated with a probability distribution function F(x) := P{x < x}
where x is any numerical value (i.e., a regular variable) [12]. (Notice that underlined
symbols denote random variables). The stochastic process x(t) represents the evolution
of the system over time, while a trajectory x(t) is a realization of x(t); if it is known at
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certain points t;, it is a time series. A stochastic process x(t), at a (continuous) time ¢, is
characterized by its nth-order distribution function:

F(-xl/xl/' . '/xl’l; t]/t2/' . -/tn> = P{K(tl) S xl/l("'Z) S x2/' . E(tn) S xl’l} (1)

The process is time reversible or time symmetric if its joint distribution does not
change after a reflection of time about the origin [2], i.e., if for any n, t1;t2; ... ty—1;tn,

F(xllxll‘ s Xny tl/tZI .. -/tl’l) = F(X],x],. e Xn, _tll _t2/- Ry _tn) (2)

Here, we use Koutsoyiannis’s method [3] to study time asymmetry as follows. First,
the time-differenced stochastic process is defined in discrete- and continuous-time, respec-
tively, as:

ET = KT - &"(71/ XT/;? = XT - Krf;']
x(t,D) := x(t) —x(t = D) ®)

We also define X, as the cumulative process of ¥, in discrete time:

Xy =X +X+... X, Xe=x] — X+ X — X + ...+ X — X = X — Xo 4)

Based on the process (original or time-differenced) at scale 1, we may also define the
averaged process at any scale k > 1, e.g., the averaged original process x¥) is defined in
discrete time as:

ik

Y oy @)

I=(i—1)k+1

Cp.

=

It is easy to see that the first moment (mean) of the differenced process is always
zero while the second one (variance) is always positive, and thus they do not provide
indications on time asymmetry. Hence, the least-order moment that can be used to detect
irreversibility is the third one. Using the second and the third moments, the skewness of
the differenced process is calculated as:

¥(x) := var {XT(K)], var [XK} = K2%(x) (6)
fis(x) == E {(;@(K)ﬂ, Co(x) = (7@()1;;/2 @)

We further introduce the following index of time asymmetry, which is defined as the
ratio of the skewness of the differenced process Cs to that of the original process Cs:

Cs
a=—

c ®)

This is found to be particularly helpful in the simulation process. A high positive
value of this index denotes a large time asymmetry, whereas values close to 0 indicate
time reversibility.

3.2. Multiscale Preservation of Time Irreversibility

The “hydrograph pattern”, i.e., a steeper ascending limb and a mild descending limb,
can be stochastically understood and modelled through the property of temporal irre-
versibility, hence bypassing the subjectivities involved in hydrograph modelling through
conceptual models [3]. The conceptual basis behind streamflow time asymmetry is of less
interest here since we can model it as a stochastic property.

The AMA (Asymmetric Moving Average) model proposed by Koutsoyiannis (2019)
can deal with irreversibility [3,10]. It is based on filtering non-Gaussian white noise and
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can also preserve some other important stochastic characteristics such as the long-range
dependence. For a simulation length g, we can write:

q
x= ) e ©)

=1

The a; are internal coefficients of the generation scheme and not model parameters to
be estimated from data, while V;_; represents a white noise process. The above model can
preserve irreversibility provided that the sequence of coefficients 4; is not symmetric about
0. Our investigation of irreversibility suggests that it is prominent at scales up to the mark
of 100 h (i.e., approximately four days) and approaches zero for larger scales. Therefore, it
is critical to preserve irreversibility in a wide range of smaller scales. In the current study,
the algorithm proposed by Koutsoyiannis [3,10], which preserves irreversibility at the basic
scale, is modified and extended to simulate time series that preserve the irreversibility
at both the first and the second scale. To this aim, it is first important to calculate the
theoretical moments of the AMA model at the first and second scale. For a simulation
length g, the AMA model of Equation (9) can also be expressed as:

2
X =) bw; (10)
=0

where bj =0j_q,W; = Vjyg, with the latter being a lognormal white noise process. Other
distributions can be used for even better accuracy [13]. For the first scale, we must calculate
the second and third moments of the differenced and original sequences, respectively. The
second moment of the original sequence is:

9
pala] = Y a7 (11)
j==1q
whereas that of the differenced sequence is:
~ 1 2
Ml = ) (aj—aj) (12)
j==1q

where we seta_,; 1 = 0, or, more generally, we set a, = 0 for any 7 out of the interval
[—4,q]. The third moment of the original sequence is:

9
el = ) af (13)
J=—q

whereas that of the differenced sequence is:

q
malE] = Y (aj—aj-1)° (14)

j=—q

Likewise, for the scale 2 we must calculate the second and third moments of the
differenced and original sequences, respectively. We highlight that the process is first
averaged at the second scale, according to Equation (5), and afterwards differenced and
not the other way around. The second moment of the original sequence at scale 2 can be
expressed as:

q 2
M2 |:§'(L'2):| = Z — (15)
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whereas the second moment of the differenced sequence at scale 2 is:

1 (aj+aj_1—ai_—a;_3)°

~(2 1 2 3

NESIESy (2 + 4 G224 ) 16)
j=-4

The third moment of the original sequence at scale 2 is:

q ba 3
) - 3 @) (17)
J=—q

whereas the third moment of the differenced sequence at scale 2 is:

N q a:i+ai 1 —a;_»—a._ 3
M3{£§2)} _ Z () +aj-1 8] 2~ aj-3) (18)
j==4

After calculating the sample moments, optimization tools are used to estimate the pa-
rameters of the AMA model by minimizing the sum of squared errors between the sample
(empirical) and the theoretical moments. The parameterization follows the same methodol-
ogy as in Koutsoyiannis [10]. The function 6(w) is defined as the smooth minimum of two
hyperbolic functions 6;(w) (i = 1,2) of frequency w, i.e.:

9((4)) _ %ln(egﬁ(w) +e€92(%_w))’ 91(w> = A + C(),i (19)

where the symbols C]«,';i = 1,2;j = 0,1,2 and { denote parameters to be determined
by optimization.

After the function of 6(w) is parameterized, we use it to perform the Fourier transform
and express the real part of the result for j = 0,...,49. At last, we have the sequence

ofay,ie.:
1/2
ap = [ I AR (W) dw (20)
~1/2
where i is the imaginary unit, 8(w) is an odd real function (meaning 0(—w) = —6(w)). In

turn, AR(w) is defined as:

AR (w) := 1/2s4(w) (21)

where s;(w) represents the power spectrum.

3.3. Stochastic Tools for Multiscale Dependence Characterization

For the characterization of the multiscale dependence, we use the climacogram stochas-
tic metric, which expresses the quantification of change/variability in the scale domain,
instead of the common lag (i.e., through the autocovariance or autocorrelation function)
and frequency (i.e., through the power-spectrum) domains. The second-order climacogram
is defined as the variance of the averaged process x(t) (Equation (5)) (assumed stationary)
versus the averaging time scale k and is symbolized by (k) [14]. The climacogram is
useful for detecting the long-term change (or else dependence, persistence, clustering) of a
process’s multiscale stochastic representation.

The statistical bias in the climacogram estimator can be calculated as follows. As
shown in Koutsoyiannis’s study [15], assuming that we have n = T /A observations of the
averaged process x;(%), where the observation period T is an integer multiple of A, the
time-resolution, the expected value of the empirical (sample) climacogram 4(A) is:

v(8) = 7(T)

B[] =g -
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The climacogram is also related to the power spectrum and the autocovariance. How-
ever, the study by Dimitriadis and Koutsoyiannis [16] showed that the climacogram had
the smallest estimation error among the three tools, while its bias could be computed
simply and analytically. Additionally, the fact that its values are always positive is an
advantage in stochastic modelling. Moreover, it is well-defined with an intuitive definition
and is for the most part monotonic.

Another useful metric in the scale domain is the climacospectrum, which is a newly
introduced stochastic tool. It is defined by Koutsoyiannis [17] as:

K(r(k) = 7(2K)) -

gk) := 2

where k represents the scale. The asymptotic behaviour of the second-order characteristics
of a process for k — 0 and k — oo is characterized by two parameters, M and H, which
are given by:
_O=1 (o) | ZH(e) +1
M.—f,H.—l—k = > (24)
where “#” represents the slope on a doubly logarithmic plot (a doubly logarithmic derivative).

The climacospectrum has the following advantages [17]: In comparison with the
power spectrum, it is superior with respect to its connection with the conditional entropy
production. Specifically, it is more precise without exceptions. Additionally, the vari-
ance, on which the definition of the climacospectrum is based, is more closely related to
uncertainty, and as a result to the entropy of the process, than the power spectrum and
the autocovariance.

To apply the method to the streamflow series, first the effect of the annual cycle is
approximately removed by multiplying the discharge values by 12 different coefficients,
one per month, summing up to 1. These coefficients are estimated by minimizing the total
variance of the transformed time series.

Then, the Filtered Hurst Kolmogorov model is fitted to the data in order to estimate
the parameters H, M and a. The climacogram of the Filtered Hurst Kolmogorov process is

given below [17]:
o\ 2M\ W
y(k)=A <1 + <a) > (25)

where 4 is a scale parameter, and M and H are the fractal and Hurst parameters.

The same calibration function is used for both the climacogram and the climacospec-
trum (empirical and theoretical), since the climacospectrum is more robust for the analysis
of the finer scales and the climacogram is more robust for the analysis of the larger scales.
The reason behind this is related to the theoretical context of these stochastic tools, as
discussed earlier and in [16]. We note that both the climacogram and the climacospectrum
were adapted for bias.

After that, the discrete power spectrum through the Fast Fourier Transform (FFT)
and the AMA coefficient were calculated. The next step was to detect the scale-wise
time irreversibility. We aggregate the data up to the 100 h scale and calculate the sample
skewness of the differenced and original processes. Their ratio is the irreversibility index, as
discussed above. Furthermore, the irreversibility of both scales 1 and 2 was also important
to calculate since it was to be preserved later by the algorithm.

In the first case, i.e., when irreversibility is only preserved at scale one, optimization
tools are used to find the parameters needed to estimate the constant 6. In the second
case for the sequence 6(w), which is defined as the smooth minimum of two hyperbolic
functions of frequency, optimization was used again. The concept is that after building
functions to calculate the sample and theoretical moments, computational tools have to
minimize the difference between the sample (empirical) and the theoretical moments. In
the second case, the difference is that this happens for two scales and that the square error
is minimized. The output is the 8(w) sequence. With knowledge of the power spectrum and
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8(w) we are able to calculate the AMA coefficients from Equation (20), i.e., the a, sequence.
After this procedure, the synthetic time series can be simulated by applying Equation (9).

Specifically, this methodology generates time series that preserve irreversibility at two
timescales along with the second-order dependence properties of the process. For example,
if we choose as the basic scale the one-hour scale, the second scale for the irreversibility to
be preserved is two hours. In Figure 1, the complete methodology is shown in steps.

Original
AMA model

L
Moment calculation at Moment calculation at

the first and se_-:gnd the first and se_cpnd Asymmetry
scale of the original scale of the original calculation
and differenced and differenced

process (theoretical) process(empirical)

.

s o Fitting to the Filtered
Minimization of the sum of Hurst Kolmogorov

the squared errar madel
itheoretical-empirical) .

Definition of a Bw)
function '(

Find a;,
sequence far

the AMA
maodel

Simulation
of time
irreversible
time series

Fast Fourier
Transform

Find optimal 8w
sequence

Figure 1. Overview of the simulation methodology (AMA stands for the Asymmetric Moving
Average scheme).

4. Results and Discussion
4.1. Irreversibility Investigation from a Large Dataset

Streamflow time series at a 15 min resolution were downloaded from the water
department of the United States Geological Survey (USGS). In total, we studied 762 stations
across the USA [11]. This particular dataset was chosen for three reasons: (1) it contains
fine-scale streamflow data, which were necessary for the investigation of the temporal
irreversibility; (2) the large spatial coverage of the database including different catchments
allowed for a broad spectrum of investigation; and (3) the reliability of the USGS data.

The results from the estimation of time irreversibility up to a timescale of 100 h
are shown in Figure 2. The mean skewness ratios on scales 1 and 2 h are 2.51 and 1.9,
respectively. The variance of the skewness ratio is 43.58 for scale 1 h, and 7.65 for scale 2 h.
It is observed that the irreversibility is on average very pronounced at the first few scales
and then slowly converges to zero at the scale of four days, where the process becomes
approximately reversible. However, a large variability is noted among the stations.
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10 ]
— 90%
— 10%
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10° 10! 102
Scale (h)

Figure 2. Irreversibility index for the 762 stations around the USA.

4.2. Case Study: Monocacy River

In Figure 3, the irreversibility of the Monocacy River at Bridgeport is shown scale-wise.
The ratio at scale 1 h is calculated as: r{ = 1.390 and at scale 2 h as: r, = 1.197. As seen in
Figure 3, we may reasonably assume that the physical process becomes reversible at scale
100 (approximately four days).

1.0 \‘

\A
0.6 v \\,A
-
o \«\,AAA .

0.0 M

Skewness ratio

10° 101 102
Scale (h)

Figure 3. Scale-wise irreversibility index of the streamflow of the Monocacy River.

As described before, the Filtered Hurst Kolmogorov model is fitted to the approxi-
mately deseasonalised time series through both the climacogram (Figure 4a) and clima-
cospectrum (Figure 4b). The parameters were calculated as: a = 19.399 h, H = 0.628 and
M=0.724.
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a) (b)

1. 7'_—‘\ —— Climacogram, empirical 80 4 —— Climacospectrum, empirical
Climacogram, theoretical adapted for bias Climacospectrum, theoretical adapted for bias

70

0.8 A \\
60

4

0.6 \\,\ 50 -

40
*.
0.4 1 &’\N 30 w

M, 20+
0.2 4 e

N 10 ,./“’d ' Y

0.0 4

100 100 107 10° 10° 10°
Scale (h) Scale(h)
Figure 4. (a) Empirical and theoretical (Filtered Hurst Kolmogorov model) climacogram, and (b) Em-
pirical and theoretical (Filtered Hurst Kolmogorov model) climacospectrum of the hourly streamflow
of the Monocacy River.

Next, for the preservation of time irreversibility at the second scale, the 8(w) function
needs to be estimated as the smooth minimum of two hyperbolic functions of frequency.
The sequence that is found after optimization is shown in Figure 5. It may seem a continu-
ous smooth line, but in reality it comprises 1024 x 2 + 1 coefficients 6 (w;).

1.35 4

1.30 4

1.25 A

68w,

1.20 A

115 1

1.10 A

0 200 400 600 800 1000
]

Figure 5. The sequence of 6 values preserving irreversibility at both scales simultaneously for j > 0.
(Note that for j = 0, 8(wp) = 0 for j <0, 6(w;) = —O(w ).

After estimating the process’s dependence characteristics and time asymmetry, we
produce synthetic series with a similar stochastic behaviour. In Figure 6a, we show the
results from 100 simulations of 10,000 length for the original method, while the results
of the modified one are shown in Figure 6b. At each scale we compare the average of
the simulations to the target irreversibility. It is shown that the irreversibility targets are
adequately achieved. It is also observed that the first method cannot efficiently achieve the
second scale target as was expected. However, it is close to it.

Additional research could be directed towards quantifying time asymmetry world-
wide and connecting it with conceptual characteristics of the basin, e.g., the surface area.
Downstream stations were observed to have a higher time irreversibility index than the
upstream ones. This could also be a topic of future research. Furthermore, other parametric
odd functions such as the 6(w) function could be explored to preserve irreversibility at
larger scales in an implicit manner. Scaling and time asymmetry is also a subject that
requires further investigation. In any case, the proposed methodology is of such generality
that it can be used to explicitly preserve the irreversibility at even larger scales along with
the process’s second-order (or higher) scaling behaviour.
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(a)

_.
2
o
2

Skewness ratio
Skewness ratio

T
10° 107
Scale (h) Scale (h}

Figure 6. (a) 100 simulations with 10,000 length, preserving the irreversibility only at the first scale.
(b) 100 simulations with 10,000 length, preserving the irreversibility at both the first and the second
scales. The average of the simulations at each scale is shown in black, and each simulation is shown
in grey. The red dots indicate the target theoretical irreversibility.

5. Conclusions

Time’s arrow has an important role in science and is often related to randomness and
uncertainty. We have investigated the time asymmetry of streamflow data at fine timescales
in order to assess the importance of taking it into account in streamflow modelling. The
irreversibility of the streamflow process was quantified by the ratio of the values of the
skewness of the differenced process Cs and that of the original process Cs. We have per-
formed a large sample analysis of the USGS hourly streamflow (762 stations) and found
the irreversibility index of the latter to be on the average equal to 2.5 at the 1 h scale and
1.9 at the 2 h scale. The process became approximately reversible around the timescale of
four days, yet a large variability was observed among the stations.

Further, this study proposes a modification to the existing method by Koutsoyian-
nis [3] that preserves irreversibility only at one scale, making it capable of preserving
the irreversibility explicitly at two scales. We have validated the proposed method by a
case study of measured streamflow timeseries and found it to be successful and able to
adequately preserve the irreversibility implicitly at even greater scales than the target ones.

Overall, our results suggest that temporal irreversibility is a marked property of
the streamflow process that manifests itself up to several days in empirical records. The
proposed modification of the AMA simulation method is an additional step towards
achieving its multiscale stochastic modelling in order to generate realistic and theoretically
consistent hydrographs.

Author Contributions: Conceptualization, S.V. and D.K.; methodology, S.V. and D.K; software, S.V.;
validation, S.V., T.I,, PD. and D.K,; formal analysis, S.V.; investigation, S.V.; resources, S.V.; data
curation, S.V.; writing—original draft preparation, S.V.; writing—review and editing, S.V., T.L, P.D.
and D.K; visualization, S.V.; supervision, D.K.; project administration, D.K.; All authors have read
and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: All the data used in this study are available online at https:/ /waterdata.
usgs.gov/nwis/rt (accessed on 7 April 2021).

Acknowledgments: We thank the Academic Editor Luca Brocca and two anonymous reviewers for
comments and suggestions that substantially improved the manuscript. The analyses were performed
in the Python 3.8 (Python Software Foundation. Python Language Reference, version 3.8.2. Available
at http:/ /www.python.org, accessed on 24 February 2020) using the contributed packages pandas
(https:/ /pandas.pydata.org/, accessed on 20 November 2019), scipy (https://www.scipy.org/,
accessed on 20 November 2019) and climata (version 0.5.0, www.pypi.org/project/climata/, accessed
on 20 November 2019).

Conflicts of Interest: The authors declare no conflict of interest.


https://waterdata.usgs.gov/nwis/rt
https://waterdata.usgs.gov/nwis/rt
http://www.python.org
https://pandas.pydata.org/
https://www.scipy.org/
www.pypi.org/project/climata/

Hydrology 2021, 8, 63 11 0f 11

References

10.

11.

12.

13.

14.
15.

16.

17.

Eddington, A. The Nature of the Physical World; Cambridge University Press: Cambridge, UK, 1927.

Weiss, G. Time-reversibility of linear stochastic processes. J. Appl. Probab. 1975, 7, 338. [CrossRef]

Koutsoyiannis, D. Time’s arrow in stochastic characterization and simulation of atmospheric and hydrological processes. Hydrol.
Sci. J. 2019, 64, 1013-1037. [CrossRef]

Chow, V.T.; Maidment, D.R.; Mays, L.W. Applied Hydrology; McGraw-Hill Book Company: New York, NY, USA, 1988.
Psaradakis, Z. Assessing time-reversibility under minimal assumptions. J. Time Ser. Anal. 2008, 29, 881-905. [CrossRef]

Miiller, T.; Schiitze, M.; Bardossy, A. Temporal asymmetry in precipitation time series and its influence on flow simulations in
combined sewer systems. Adv. Water Resour. 2017, 107, 56-64. [CrossRef]

Serinaldi, F,; Kilsby, C.G. Irreversibility and complex network behavior of stream flow fluctuations. Phys. A Stat. Mech. Appl.
2016, 450, 585-600. [CrossRef]

Mathai, J.; Mujumdar, P.P. Multisite Daily Streamflow Simulation With Time Irreversibility. Water Resour. Res. 2019, 55, 9334-9350.
[CrossRef]

USGS Website. Available online: www.usgs.gov (accessed on 20 November 2019).

Koutsoyiannis, D. Simple stochastic simulation of time irreversible and reversible processes. Hydrol. Sci. J. 2020, 65, 536-551.
[CrossRef]

Vavoulogiannis, S. Impact of Time’s Arrow on Streamflow and Its Stochastic Modelling. Master’s Thesis, National Technical
University of Athens, Athens, Greece, 2020.

Kolmogorov, A.N. Grundbegriffe der Wahrscheinlichkeitsrechnung, Translation, 1950, Foundations of the Theory of Probability; Chelsea
Publishing Company: New York, NY, USA, 1933.

Dimitriadis, P.; Koutsoyiannis, D. Stochastic synthesis approximating any process dependence and distribution. Stoch. Environ.
Res. Risk Assess. 2018, 32, 1493-1515. [CrossRef]

Koutsoyiannis, D. The Hurst phenomenon and fractional Gaussian noise made easy. Hydrol. Sci. ]. 2002, 47, 573-595. [CrossRef]
Koutsoyiannis, D. Hurst-Kolmogorov dynamics as a result of extremal entropy production. Phys. A Stat. Mech. Its Appl. 2011, 390,
1424-1432. [CrossRef]

Dimitriadis, P.; Koutsoyiannis, D. Climacogram versus autocovariance and power spectrum in stochastic modelling for Markovian
and Hurst-Kolmogorov processes. Stoch. Environ. Res. Risk Assess. 2015, 29, 1649-1669. [CrossRef]

Koutsoyiannis, D. Entropy production in stochastics. Entropy 2017, 19, 581. [CrossRef]


http://doi.org/10.1017/s0008439500027363
http://doi.org/10.1080/02626667.2019.1600700
http://doi.org/10.1111/j.1467-9892.2008.00587.x
http://doi.org/10.1016/j.advwatres.2017.06.010
http://doi.org/10.1016/j.physa.2016.01.043
http://doi.org/10.1029/2019WR025058
www.usgs.gov
http://doi.org/10.1080/02626667.2019.1705302
http://doi.org/10.1007/s00477-018-1540-2
http://doi.org/10.1080/02626660209492961
http://doi.org/10.1016/j.physa.2010.12.035
http://doi.org/10.1007/s00477-015-1023-7
http://doi.org/10.3390/e19110581

	Introduction 
	Dataset 
	Methodology 
	Definition of Time Irreversibility 
	Multiscale Preservation of Time Irreversibility 
	Stochastic Tools for Multiscale Dependence Characterization 

	Results and Discussion 
	Irreversibility Investigation from a Large Dataset 
	Case Study: Monocacy River 

	Conclusions 
	References

