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Abstract

In this study Markov chains process in combination with chi-squared test were applied
to hydrological drought dataset of Nestos hydrosystem to highlight the drought transi-
tion attitude from one drought state to another. This examined hydrosystem is of great
importance to the region due to it is exploited for hydrodynamic generation and irrigation
purposes. Hence, it is important to identify the transitions from one drought situation to
another so that operational water management can be carried out throughout the year.

Keywords: Markov chains; chi-squared test; Streamflow Drought Index (SDI); hydrological
drought; Nestos river hydrosystem

1. Introduction
Hydrosystems incorporating hydropower plants (HPPs) constitute critical regulation

components in river basin management, as their operation affects not only energy pro-
duction but also downstream water allocation, irrigation reliability, and the maintenance
of environmental flows. Reservoir operation in such systems should be addressed as
a multi-objective problem, in which hydropower production, agricultural water supply,
and ecological requirements are evaluated simultaneously. In this context, drought condi-
tions introduce significant pressure on system performance, reducing inflow availability
and increasing competition among water uses, thereby requiring adaptive and flexible
operating rules.

The Thissavros–Platanovryssi reservoir cascade, located in northeastern Greece, forms
the principal regulation infrastructure of the transboundary Mesta/Nestos River system.
The two reservoirs were originally developed primarily for hydropower generation, while
they also support downstream irrigation demands and influence the hydrological regime
of the river. Due to their location close to the Greek–Bulgarian border, the reservoirs receive
substantial transboundary inflows from the upstream Bulgarian part of the basin, which
accounts for approximately 54% of the total catchment area. These inflows, combined with
runoff generated within the Greek territory, contribute to the coverage of agricultural water
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requirements over an irrigated area of about 190,000 ha through an extended open-channel
conveyance network [1,2], as well as hydropower generation during all years and the
ecological recharge.

Hence, it is important to identify the transitions from one drought situation to another
so that operational water management can be carried out throughout the year. Initially, a
hydrological drought analysis was performed using the Streamflow Drought Index (SDI)
on a three-month, six-month, nine-month, and twelve-month scale and the extracted data
were submitted to the Markov process.

2. The Streamflow Drought Index (SDI)
Hydrological drought refers to periods of reduced water availability in rivers, reser-

voirs, and groundwater systems, usually occurring as a delayed response to prolonged
deficits in precipitation and basin recharge. In contrast to meteorological or agricultural
drought, hydrological drought reflects the cumulative effects of reduced inflows and stor-
age within the hydrological system. To quantify hydrological drought conditions based on
streamflow records, Tsakiris and Nalbantis (2009) [3] introduced the Streamflow Drought
Index (SDI). The SDI is computed from cumulative streamflow volumes over selected
reference periods (e.g., 3, 6, or 12 months) within each hydrological year. These cumulative
volumes are standardized using their long-term mean and standard deviation, allowing
the transformation of streamflow anomalies into a dimensionless index comparable across
basins and time periods. Negative SDI values indicate drought conditions, with increas-
ingly negative values corresponding to more severe hydrological drought events. The SDI
has been widely applied in hydrological studies because it provides a simple and consistent
framework for detecting, monitoring, and comparing drought conditions using observed
river discharge data.

It is assumed that a time series of monthly streamflow volumes Qi,j is available where
i denotes the hydrological year and j the month within that hydrological year (j = 1 for
October and j = 12 for September). Hence, it holds [3]:

Vi,k =
3k

∑
j=1

Qi,j i = 1, 2, . . . j = 1, 2, . . . , 12 k = 1, 2, 3, 4 (1)

In which i refers to the hydrological year, j corresponds to the month of that year, k
is the time duration of the period, and finally Vi,k represents the cumulative streamflow
volume for the i-th hydrological year with a period duration of k. Consequently, the SDI for
the i-th hydrological year with period duration k is defined using the cumulative streamflow
volumes Vi,k as follows:

SDIi,k =
yi,k − yk

σyk
i = 1, 2, . . . k = 1, 2, 3, 4 where yi,k = ln Vi,k (2)

Based on the SDI values, hydrological drought conditions are classified into states
consistent with those adopted for the meteorological drought indices SPI and RDI. Five
drought states are considered, represented by integer values from 0 (non-drought) to
4 (extreme drought), according to the criteria presented in Table 1. For illustration purposes
the annual hydrological drought is presented in Figure 1.
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Table 1. Definition of the classes of drought.

State Class of Drought Numerical Criterion

0 Non-drought SDI ≥ 0.0
1 Mild drought −1.0 ≤ SDI < 0.0
2 Moderate drought −1.5 ≤ SDI < −1.0
3 Severe drought −1.5 ≤ SDI < −1.0
4 Extreme drought SDI < −2.0

 

Figure 1. Values of the annual hydrological drought based on the SDI index.

3. Methodology
3.1. Markov Chain on Drought Events

By studying drought, it is found that it constitutes a random (stochastic) system;
therefore, it is generally impossible to predict the future state with certainty. For this reason.
In a Markov process of order q the future state is depended only on the q previous states.
Specifically, let X1, X2, . . . , Xn be a random states then the probability of the future Xn+1

state is given [4]:

P(Xn+1 = x|Xn = xn, Xn−1 = xn−1, . . . , X1 = x1)= P(Xn+1 = x|Xn = xn, . . . , Xn−q−1 = xn−q−1
)
.

In case of q = 1 we obtain

P(Xn+1 = x|Xn = xn, Xn−1 = xn−1, . . . , X1 = x1)= P(Xn+1 = x|Xn = xn) (3)

i.e., the probability of a future depends only on the previous ones. Additionally, the zero
order Markov process has no dependence on any previous states. The current state is
completely independent, making the process entirely random and referred to as a renewal
process [3].

A Markov process is fully characterized by the State Transition Matrix (STM), denoted
P, For a first-order process (q = 1) with N states, P =

[
pij

]
and pij denote the probability of

transition from state Xi → Xj i.e.,

P =


p11 . . . p1n

...
. . .

...
pn1 . . . pnn

 (4)
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The estimation of the probabilities pij is based on the maximum likelihood probability
estimators [4]:

Pij =
nij

ni
, (5)

where nij is the number of transitions from state Xi → Xj in the time series and ni is the
probability of being at state Xi i.e.,

ni = ∑k
j=1 nij (6)

In case of zero-order Markov process, the matrix P0 has its i-column constant and
equal with

pi =
ni
n

(7)

and describes the probability of being at state i independently of any previous state.
Finally, for the application of Markov chains, the findings of the Hydrological Drought

analysis were used (Table 1), in which five different drought states are discretized (Table 1).
Therefore, in the present case, the transition matrix is as follows:

P =


p01 . . . p04

...
. . .

...
p40 . . . p44

 (8)

3.2. Statistical Analysis of Markov Chains: Comparing Zero and First Order Markov Process

We test how different is the zero and first order Markov process. Thus, we examine the
statistical difference of P0 and P1 matrices using X2 test of good fitness [Ktonas Anderson]:

X2 = ∑k
i=1 ∑j=k

j=1 ni

(
Pij − P0

ij

)2

P0
ij

We examine the statistical Hypothesis H0 : P = P0 with n(n − 1) degrees of freedom
with a = 0.05 of significance level.

4. Results and Discussion
From the SDI values we derive the discrete drought states (Figure 2), and then we

apply the Markov process to the Nestos data in order to compute the 5-state transition
matrix (n = 5):

P =


p01 . . . p04

...
. . .

...
p40 . . . p44

 (9)

Indicatively, the results of drought-state transition (using Equations (5) and (6)) from
the six-month to the twelve-month time scale are presented below.

P =


0.8148 0.1852 0 0 0

0.1 0.5 0.2 0.1 0.1
0.2 0.4 0.4 0 0
0 0 1 0 0
0 0.5 0 0 0.5


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Figure 2. From SDI values to discrete states of drought from 0 to 4 (5 states according to Table 1).

Conclusions based on Markov chains: p00 = 0.8148, p01 = 0.1852, p02 = p03 =

p04 = 0. Interpretation: If the first quarter begins under non-drought or mild drought condi-
tions, then it will remain in the same states. Similarly, p10 = 0.1, p11 = 0.5, p12 = 0.2, p13 =

p14 = 0.1. Interpretation: If the first quarter is characterized by mild drought, then with
a probability of 10% the six-month period will be non-drought, 50% mild, 20% moderate,
and 10% severe or extreme. The same reasoning applies accordingly to the remaining cases.

The X2 statistical function was computed X2 = 44.99 and n(n − 1) = 20 degrees of
freedom the p-value is p = 0.001, thus we can reject the null Hypothesis H0 : P = P0 and
hence the proposed analysis was accepted.

However, an interesting finding is that when the system starts from a state of extreme
drought, after six months the annual transition probabilities indicate a 0.5 probability of
remaining in extreme drought and a 0.5 probability of moving to mild drought. This
behavior may reflect the influence of a specific historical event, which could be attributed
either to a rare meteorological occurrence or to upstream flow regulation imposed from the
Bulgarian side either the regulation of the upstream dams. Therefore, the use of Markov
chain methodology for hydrological drought analysis in highly regulated systems may
produce results that are of limited interpretative and practical value.
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