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The principle of maximum entropy can provide consistent basis to analyze water resources and geophysical
processes in general. In this paper, we propose to assess the space-time variability of rainfall and streamflow in
northeastern region of Brazil using the Shannon entropy. Mean values of marginal and relative entropies were
computed for a 10-year period from 189 stations in the study area and entropy maps were then constructed
for delineating annual and seasonal characteristics of rainfall and streamflow. The Mann–Kendall test was used
to evaluate the long-term trend in marginal entropy as well as relative entropy for two sample stations. High
degree of similarity was found between rainfall and streamflow, particularly during dry season. Both rainfall
and streamflow variability can satisfactorily be obtained in terms of marginal entropy as a comprehensive mea-
sure of the regional uncertainty of these hydrological events. The Shannon entropy produced spatial patterns
which led to a better understanding of rainfall and streamflow characteristics throughout the northeastern
region of Brazil. The total relative entropy indicated that rainfall and streamflow carried the same information
content at annual and rainy season time scales.
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1. Introduction

Shannon information entropy introduced by Shannon (1948) has
been widely used in numerous areas (Murat, 2012; Asl et al., 2012;
Beenamol et al., 2012; Aquino et al., 2013; Bafroui and Ohadi, 2014;
Lin and HoInstitute, 2015; Perugini et al., 2015; Aguiar and Guedes,
2015) as a measure of information, disorder or uncertainty. Specifically,
Shannon entropy quantifies the expected value of the information
contained in a message (Wu et al., 2012). It is considered by many
studies as suitable for analyzing of water resources as subject of consid-
erable scientific research in the last decades (Silva et al., 2003;
Maruyama et al., 2005; Chen et al., 2007; Mishra et al., 2009; Brunsell,
2010; Liu et al., 2013; Salas and Poveda, 2015).

Entropy theory, comprising the Shannon entropy, seems to have
much potential that remains yet to be fully exploited (Singh, 2011).
Thus, most of works have mainly focused on the spatial and temporal
variability of rainfall using information theory for temperate zones
(Sivakumar, 2001; Molini et al., 2006; Hsu et al., 2006) while less
attention has been given to methodologies that include streamflow in
tropical climate zones, for improving streamflow forecasts and account-
ing for cumulative sources of uncertainty.

An interesting application of entropy has been for reducing the
gap between information needs and data collected by monitoring
networks (Chen et al., 2007). In this application, stations are evaluat-
ed by the transmission of information to and from stations (Markus
et al., 2003). Likewise, entropy has been used for assessing the
space variability of rainfall, one of the primary constraints to water
resources development and water use practices (Mishra et al.,
2009). The main point here is to measure the disorder or uncertainty
of the occurrence of rainfall by entropy (Maruyama et al., 2005). The
relative entropy, or Kullback–Leibler divergence, is also often used in
a variety of contexts as a measure of discrepancy of two distribu-
tions. Another entropy concept is one of cross-entropy which has
been employed for measuring synchronization between time series
(Xie et al., 2010).

Most of works, comprising the Shannon entropy, have mainly
focused on the spatial and temporal variability of rainfall using informa-
tion theory for temperate zones (Sivakumar, 2001; Molini et al., 2006;
Hsu et al., 2006); while less attention has been given to methodologies
that include rainfall and streamflow in tropical climate zones for these
variables estimates improvement at a time scale, shifting from
years to days by exploiting the time series structure. The cumulative
sources of uncertainty in rainfall and streamflow remain practically
unknown and have not yet been investigated in systematic manner.
To address this issue, we used the Shannon entropy to quantify the
variability of rainfall and streamflow in the northeastern region of
Brazil. Once the time series are obtained, we assessed long-term
trends in marginal entropy and relative entropy of annual and
seasonal rainfall using the Mann–Kendall test. This will be helpful
for better understanding of rainfall and streamflow characteristics,
and formulating interference on climate variability, throughout the
semiarid regions.

2. Material and methods

2.1. Study area

The northeastern region of Brazil, bounded to the north and east by
the Atlantic Ocean, covers an area of about 1.5 million km2. Approxi-
mately 60% of this region is a semi-arid area. The area is inhabited by
more than 30 million people and the economy is mainly based on
subsistence rainfed crop production. The northeastern region is
influenced by several large-scale precipitation mechanisms. The rainy-
season occurs between January and June and the dry-season between
July and December. The wet-season occurs between March and
May and the normal annual rainfall ranges from 400 to 2000 mm
(Silva, 2004). The region is dominated by semi-arid climatewith hetero-
geneous vegetation cover and themean air temperature varies between
15 and 33 °C (Silva et al., 2006).

The predominant vegetation type in the basins is tropical thorn
forest (caatinga), and the soil is fairly diversified, formed mainly
by lithosoils, regosoils, latosoil and sandy soils (Silva, 2004). The
intracratonic basins of northeastern Brazil are part of a Cretaceous rift
system developed along pre-existing structural trends in the basement
during the opening of the South Atlantic Ocean (Silva et al., 2010a). The
basement is composed of highly metamorphosed Precambrian rocks
(aligned structurally in a northwest–southeast or east–west direction).
The predominant rocks aremigmatites, granites, gabbros and amphibo-
lites. The main lithologies in the region are clastic rocks, including
breccias and conglomerates, sandstones, siltstones, mudstones and
shales.
2.2. Rainfall and streamflow data

While other methods have been used to assess rainfall variability
such as wavelet analysis (Smith et al., 2009) and Hurst exponent
(Mishra et al., 2009), we explore trend analysis applied to entropy
for assessing both uncertainty and disorder levels of rainfall and
streamflow variables throughout time. To investigate the space variabil-
ity of rainfall and streamflow at both annual and seasonal scales, daily
time series of rainfall and streamflow recorded at 189 stations for amin-
imumperiod of 10 years (from1995 to 2004) in the northeastern region
of Brazil were analyzed and annual totals of marginal entropy were
obtained. Meteorological data consecutively observed over 10 years
have not any negative effect on the results, since such period can be
used for description of average yearly meteorology in Brazil. The esti-
mate of annual and seasonal entropy was obtained by averaging the
entropy values of each station. The average entropy values computed
for observation stations were employed to construct the entropy maps
in order to delineate rainfall and streamflow characteristics. A similar
procedure was reported by Kawachi et al. (2001) in a study designed
for delineation of water resources zones in Japan using at least 8 years
of rainfall observations.

In order to illustrate the understanding of the behavior of rainfall
and streamflow over time, the temporal trend in the entropy time se-
ries was analyzed using data from twoweather stations in the period
of record from 1968 to 2001. These stations are located in the state of
Ceará, namely Icó (latitude: 6°24′04″ S, longitude: 38°51′44″ W,
altitude: 153.4 m above sea level) and São Luiz do Curu (latitude:
3°40′12″ S, longitude: 39°14′36″ W, altitude: 38.4 m above sea
level). The analyses herein are limited to two stations within the
basins ranging in size from 8528 km2 (São Luiz do Curu station)
and 12,865 km2 (Icó station). Kayano and Andreoli (2004) observed
that the decadal (9–14 years) rainfall variations of the northern part
of northeastern Brazil are independently linked to the Pacific Decad-
al Oscillation (PDO) or to the sea surface temperature decadal
variations in the tropical South Atlantic. Likewise, cycles less than
11-year in rainfall time series has been observed in all northeastern
Brazil, including the central and southern parts of region (Silva
et al., 2010b). Thus, a 14-year moving average was used for eliminat-
ing high-frequency cycles in both rainfall and streamflow time
series.

The filtered time series were then subjected to the trend analy-
ses. The wavelet transform and moving average filter methods are
shown to be capable of separating synoptic and seasonal compo-
nents in time series with minimal errors (Eskridge et al., 1997).
The moving average filter method is shown to have the same
level of accuracy as the wavelet transform method. However,
the moving average can be applied to datasets with missing obser-
vations and is much easier to use than the wavelet transform
method.



Table 1
Mean values of marginal entropy and the coefficient of variation (CV) for the year and an-
nual and rainy and dry season rainfall and streamflow for Icó and São Luiz doCuru stations.

Streamflow Rainfall

Annual Rainy Dry Annual Rainy Dry

Icó station
Marginal entropy (bits) 6.4 5.7 0.6 5.2 4.5 0.8
CV (%) 53.9 108.0 119.1 34.2 44.9 39.2

São Luiz do Curu station
Marginal entropy (bits) 7.5 5.3 2.2 5.7 5.0 0.7
CV (%) 109.5 117.5 267.1 44.4 114.7 84.4
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2.3. Marginal entropy

A discrete form of marginal entropy of a single variable x is given by
(Shannon, 1948):

H Xð Þ ¼ −
XK
k¼1

p xkð Þ log p xkð Þð Þ ð1Þ

where H is a measure of the information (more information results in
lower entropy and vice versa) (Brunsell, 2010), k denotes a discrete
data interval and p(xk) is the probability density function of variable x.
Variable X can have only K outcomes. The values of entropy are given
in bits because the base of the logarithm was assumed to be equal to 2
and the probability p(xk) is based on the empirical frequency of variable
xwhich can have only k outcomes. Themarginal entropy can be defined
as the average information content of a random variable and can be
used as a measure of uncertainty. When the historical monthly time
series of a station is considered for the calculation of marginal entropy,
it gives randomness associated with the entire length of time series.
Marginal entropy is useful and can be used for any type of data set, for
example, yearly, monthly, seasonal, rainy days, to evaluate the random-
ness in the time series (Mishra et al., 2009).

2.4. Relative entropy

For two given probability distributions {p1, p2,…, pk} and {q1, q2……
qk}, the Kullback–Leibler directed divergence or relative entropy is
obtained as:

RE ¼
Xn
i¼1

pi ln
pi
qi

� �
¼

Xn
i¼1

pi ln pi−
Xn
i¼1

pi ln qi ð2Þ

where pi is the a posteriori probability of occurrence of the ith outcome,
qi is the a priori probability, p= {pi}, q= {qi}. The relative entropy (RE)
provides a means of measuring the probabilistic “distance” of the prob-
ability distribution p from q. The RE provides a model formulation in
cases where some previous information about the probability distribu-
tion p is already known. That information, called a prior, for the un-
known probability distribution p is used as the initial estimation of p.
The principle of minimum relative entropy implies that the estimate
of p can be discriminated from q with a minimum of difference (You
et al., 2009). Therefore, RE approach lends itself to a measurement of
similarity between two different sources. When p and q are the same
distribution, the relative entropy will be zero. In general, the relative
entropy measures how different the distributions p and q are.

2.5. Statistical analysis

The Mann–Kendall non-parametric test (Mann, 1945; Kendall,
1975) is applied for assessing trends in rainfall and streamflow time
series. This test is based on statistic S defined as:

S ¼
Xn
i¼2

Xi‐1
j¼1

signðxi− xjÞ; ð3Þ

where xj are the sequential data values, n is the length of the time
series and sign(xi− xj)is −1 for (xi− xj) b 0, 0 for (xi−xj) = 0, and 1
for (xi−xj) N 0. The mean E[S] and variance Var[S] of statistic S may be
given as:

E S½ � ¼ 0 ð4Þ

Var S½ � ¼
n n−1ð Þ 2nþ 5ð Þ−

Xs

r
tr tr−1ð Þ 2tr þ 5ð Þ

18
ð5Þ
where tr is the number of ties for the tth value and s is the number of tied
values. The second term represents an adjustment for tied or censored
data. The standardized test statistic (ZMK) is computed as:

ZMK ¼

S‐1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var Sð Þp if SN0

0 if S ¼ 0
Sþ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var Sð Þp if Sb0

8>>>><
>>>>:

ð6Þ

The main reason to use a nonparametric statistical test is that no
assumption is necessary on the distributional form of the tested data
set, which is important when studying hydrometeorological time series
(Ehsanzadeh et al., 2010). The presence of a statistically significant
trend was evaluated for testing the null hypothesis that no trend
existed. A positive ZMK value indicates an increasing trend while a neg-
ative one indicates a decreasing trend. To test for either increasing or
decreasing monotonic trend at the p significance level, the null hypoth-
esis was rejected if the absolute value of ZMK was greater thanZ1−p/2,
which was obtained from the standard normal cumulative distribution
table. In this study, the significance levels of p = 0.01 and 0.05 were
applied. The non-parametric estimate of the magnitude of the slope of
trend was obtained as follows (Hirsch et al., 1982):

β ¼ Median
xj− xi
� �

j−ið Þ
� �

for all i b j ð7Þ

where xj and xi are the data pointsmeasured at times j and i, respective-
ly. Given the uncertainty in precipitation and streamflow forecasts, the
direction of some changes is not known. However, it seems likely that
the trend analysis tool in entropy enables to identify the presence or
absence of trends in the input dataset. In our study, different rainfall
and streamflow time series were considered individually, because it is
useful to understand the uncertainty or variability within each time
series and compare in terms of their variability (Mishra et al., 2009).

3. Results and discussion

3.1. Marginal entropy

Mean values of marginal entropy of rainfall and streamflow at two
sample stations in northeastern region of Brazil for the year and dry
and rainy seasons are shown in Table 1. Large interannual variation, in
both marginal and relative entropies, was observed in Icó and São Luiz
do Curu stations. However, the variation in entropy for streamflow
was substantially higher than for rainfall in both sites, mainly in São
Luiz do Curu. For both stations, marginal entropy values of rainfall and
streamflow were low during the dry season and high during the rainy
season. The values of mean annual entropy were very similar to those
for the rainy season, when the total rainfall during the dry season was
comparatively smaller than from rainy season. Different seasons
contribute differently to the variability of annual rainfall time series.
The rainy season variability contributesmore to the variability of annual
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time series, whereas dry season contributes less to the annual
variability.

For Icó station, 89 and 86% of the annual entropies of streamflow and
rainfall, respectively, were observed in the rainy season. Similarly, for
the São Luiz do Curu station, 71 and 87% of the annual entropies of
streamflow and rainfall, respectively, were observed in the rainy season.
In general, the coefficient of variation was high, particularly for
streamflow at both stations, reaching a maximum value of 267.1%
during the dry season at the São Luiz do Curu station and a minimum
value of 53.9% at the Icó station during the year. The CV values of the
marginal entropy reached a maximum of 114.7% at the São Luiz do
Curu station for rainy season rainfall and a minimum of 34.2% at the
Icó station for annual rainfall. These results suggest that rainfall is less
variable than streamflow in the semiarid area of thenortheastern region
of Brazil. The entropy and the coefficient of variation (CV) for a given
rainfall gaging station can indicate the discrete degree of temporal rain-
fall distribution. High CV values indicate a high degree of discrete
temporal rainfall distribution (Liu et al., 2013).

For less variable rainfall entropy should be less. For example, if the
variance is zero, then entropy will be zero as well. The difference
betweenmarginal entropy values of rainfall and streamflow among pe-
riods can be interpreted as a characteristic of these variables in the stud-
ied region. There is an exponential relationship between coefficient of
variation and marginal entropy with high coefficient of determination.
This relationship is evident because marginal entropy is also a measure
of variability of the time series. Results support the theoretical observa-
tions that Shannon entropy is strongly related to the CV relationship,
and it is suggested that this is likely to provide a more robust measure
of variability than those in CV. This issue is particularly relevant because
entropy is insensitive to timing errors. This makes it dangerous as a
stand-alone measure, but potentially provides a useful diagnostic in
spatial variability.

The two main measures of uncertainty are the entropy and the var-
iance. However, entropy is more general and has some advantages
facing to the coefficient of variation. The entropy is a concave function
allows its use as an uncertainty function and the variance is a measure
of dispersion and its simplicity remains its major attraction. The most
common statistic used to describe variability is variance, which mea-
sures the spread dataset. However, the variability of rainfall time series
can be quantitatively measured by using entropy, which can be
described in spatial and temporal terms (Mishra et al. (2009). The opin-
ions are conflicting between variance and entropy for analyzing
variability in times series. The entropy can be an alternative to measure
dispersion and both these measures. It reflects concentration but their
metrics for concentration are different (Ebrahimi et al., 1999). However,
the interpretation of variance as a measure of uncertaintymust be done
with caution (Saco et al., 2010).

For both stations, mean values of relative entropy were higher for
annual and rainy season rainfall than those for dry season rainfall
(Table 2). Also, relative entropy values tended toward zero in the dry
season, indicating a high degree of synchrony or similarity between
rainfall and streamflow during this season while for the year and rainy
season they were almost equal. Therefore, the total relative entropy
Table 2
Mean values of relative entropy (bits) and coefficient of variation (CV) for the year and
rainy and dry seasons at Icó and São Luiz do Curu stations.

Icó station

Annual Rainy season Dry season

Icó station
Relative entropy 0.79 0.75 0.04
CV (%) 45.2 46.6 145.7

São Luiz do Curu station
Relative entropy 0.74 0.66 0.07
CV (%) 36.4 39.1 114.1
showed that annual and rainy season rainfall and streamflow carried
the same information content. On the other hand, CV was higher for
the dry season and smaller for the year for both stations.

The highest values of marginal entropy of rainfall and streamflow
always occurred during drought years. Similar results were obtained
by Mishra et al. (2009) who observed in a study of variability in rainfall
using entropy that high disorderliness in the amount of rainfall and
number of rainy days caused severe droughts during the 1950s in the
entire state of Texas, USA. As relative entropy is a measure of the
discrepancy between two probability distributions, their mean values
for the year and rainy season indicated that rainfall was qualitatively
similar to streamflow. The minimization of the relative entropy
provides the definition of optimal updating rules for the reference pa-
rameter of the density functions and the generation of improved feasi-
ble vectors (Altiparmak and Dengiz, 2009).

3.2. Trend in marginal entropy

Temporal course of annual and seasonal values of marginal entropy
of streamflow and rainfall for Icó and São Luiz do Curu stations are
shown in Figs. 1 and 2, respectively. Table 3 presents slopes and the
significance level (p-value) for streamflow and rainfall data, as well as
for marginal entropy and relative entropy during the year and rainy
and dry seasons at Icó and São Luiz do Curu stations. Despite decreasing
trends in annual and rainy season rainfall and streamflow at both sta-
tions (Table 3), an increasing trend of marginal entropy in streamflow
and rainfall was observed during the year and rainy and dry seasons
(Fig. 1). On the other hand, streamflow and rainfall data presented
an increasing trend during the dry season at Icó station, but only
streamflow time series was statistically significant based on the
Mann–Kendall test. This finding suggested that there was an increasing
uncertainty in annual streamflow at São Luiz do Curu station and in
rainy and dry seasons at Icó station. Wang et al. (2015) has also used
Mann–Kendall test to analyze and evaluate the spatial and temporal
variations of streamflow in Reservoir Basin, northern China, who
concluded that seasonal and annual streamflow analyses had consisten-
cy with the declining trends for the period of 1963–2011.

A reduction in uncertainty in streamflow in the rainy season was
observed at São Luiz do Curu station. These results suggested that the
temporal trend of entropy was not influenced by the original data.
Kawachi et al. (2001) showed that average annual entropy and average
annual rainfall were less mutually related with a coefficient of correla-
tion of 0.19. The increasing trend in marginal entropy of annual
streamflow at Icó station was statistically significant at the p b 0.05 sig-
nificance level. On the other hand, the trend in marginal entropy was
statistically significant for annual rainfall at São Luiz do Curu station
based on the Mann–Kendall test (p b 0.05) and for dry season (p b

0.01). When evaluate the long-term persistence and trend in the vari-
ability of precipitation using the Hurst exponent and the Mann–
Kendall, Mishra et al. (2009) found a distinct spatial patterns in annual
series and different seasons. Trend analysis indicated that most time
series did not have any significant trends. Although Shannon entropy
is a quantification of the amount of information within a dataset, its
static probabilistic nature cannot capture the temporal variability of
information. It therefore shows no sensitivity in time.

3.3. Trend in relative entropy

The relative entropy time series did not show any statistically signif-
icant trend at the p b 0.05 level according to the Mann–Kendall test
(Table 3). Fig. 3 depicts annual and seasonal values of relative entropy
for Icó and in São Luiz do Curu stations. It is seen that for both stations
relative entropy values during the dry season were close to zero or
even zero in a few years. These values ranged from zero to 0.40 bits
for São Luiz do Curu station and from zero to 0.27 bits for Icó station.
The range of relative entropy for the year was similar to that during



Fig. 1. Annual and seasonal values of marginal entropy in streamflow (a) and rainfall (b) at Icó station.
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the rainy season. This means that the rainy season entropy mimicked
the yearly entropy range and the entropy ranges for other seasons
were within these ranges. For instance, relative entropy at Icó station
ranged from 0.24 to 1.67 bits for the year and from 0.22 to 1.65 bits
for the rainy season. Similarly, these values at São Luiz do Curu station
ranged from 0.22 to 1.51 bits for the year and from 0.17 to 1.41 bits
for the rainy season. Analyzing rainfall data of both stations, higher
values of relative entropy occurred during wet years while smaller
values occurred during drought years. Therefore, unlikemarginal entro-
py, REwas not related to high disorderliness in the amount of rainfall as
observed in the present study and by Mishra et al. (2009).
Fig. 2. Annual and seasonal values of streamflow (a) an
3.4. Spatial distribution of marginal entropy

Spatial distributions of entropy in annual and rainy and dry rainfall
and streamflow in the northeastern region of Brazil are shown in
Figs. 4, 5 and 6, respectively. The isoinformation lines of marginal entro-
py of annual and dry season rainfall and streamflow were higher
throughout the coast east of the region (Figs. 4 and 5). However, higher
values of entropy during the rainy season were located in the northern
part of the region. As a natural consequence, higher rain might occur
alternately during other periods of the year over the northeastern
region. Minimum and maximum values of entropy in rainfall and
d rainfall (b) entropy at São Luiz do Curu station.



Table 3
Slope and significance levels (p-values) of the times series of streamflow (S), rainfall (R), marginal entropy in S, marginal entropy in R and relative entropy during annual period and rainy
and dry seasons at Icó and São Luiz do Curu stations.

Variables Annual Rainy season Dry season

Slope p-value Slope p-value Slope p-value

Icó station
Streamflow (S) −13.51 0.900 −29.4 0.723 23.92 0.037
Rainfall (R) −0.84 0.952 −0.502 0.741 0.4429 0.332
Marginal entropy in S 0.022 0.030 0.0123 0.219 0.0110 0.162
Marginal entropy in R 0.004 0.787 0.0013 0.667 0.0025 0.204
Relative entropy (RE-R) −0.031 0.682 −0.0011 0.631 −0.0004 0.294

São Luiz do Curu station
Streamflow (S) −188.5 0.138 −158.4 0.298 3.60 0.450
Rainfall (R) −6.60 0.496 −5.67 0.447 0.21 0.920
Marginal entropy in S 0.11 0.406 −0.06 0.070 0.051 0.052
Marginal entropy in R −0.04 0.003 −0.011 0.733 0.034 0.001
Relative entropy (RE-R) 0.00065 0.681 0.0004 0.833 0.00021 0.674
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streamflowwere observed in the same area for all analyzed periods. For
instance, both marginal entropies of annual rainfall and streamflow
were minimum in the central area of northeastern region of Brazil,
which corresponded to most of the semi-arid region (Fig. 4).

Results also demonstrate that the rainfall variability is higher in the
semiarid areas than in coast areas of the northeastern region. This
indicates that availability of water resources is low and should be used
within the constraints. To meet the perennial water demands, proper
planning is to be made to reduce the wastage of water as well as to
store the excess water during time of precipitation. When performed a
study to assess the stream gaging network in the State of Illinois, USA,
Markus et al. (2003) showed that the correlation coefficient between
entropy and least square regression method are inversely proportional
to the information transmitted. Besides, stations located in an area of
high gage density tend to receive and transmit more information.
Inversely, gages having less significant regional value transmit substan-
tially and less information then they receive.

The entropy values of rainfall and streamflow were maximum in
eastern and northern areas of the region which corresponded to the
most northeastern rainy areas. During the rainy season, the entropy
decreased from 5.5 bits in the north to 1.5 bits in the south for rainfall
Fig. 3. Annual and seasonal values of relative entropy at
and from 6.0 bits to 2.5 bits for streamflow (Fig. 5). On the other hand,
during the dry season entropy values of rainfall and streamflow reached
minimum values as compared to the other two periods as a conse-
quence of the rainfall reduction (Fig. 6). Mishra et al. (2009) also used
marginal entropy to investigate the space variability of rainfall time
series for the State of Texas, USA. They observed distinct spatial patterns
in annual series and different seasons and that the variability of rainfall
amount as well as number of rainy days within a year increased from
east to west of Texas.

The spatial distribution of marginal entropy was practically uniform
during the dry season over almost the entire region, particularly for
rainfall, with a mean value about of 0.5–1.5 bits. Martín et al. (2005)
analyzed the role of entropy to provide some mathematical arguments
for justifying the use and interpretation of entropy as a measure of di-
versity and homogeneity. As shown in Fig. 4, the isoinformation lines
of rainfall divided the whole study region into two clusters, at left
with higher values in entropy and at right with lower values of entropy.
Marginal entropy values of streamflow were lower in most semi-arid
areas, reaching values of until 0.1 bits during the dry season. Therefore,
the marginal entropy of rainfall and streamflow was high in areas and
periods with the highest amounts of rainfall. Despite large variations
Icó station (a) and at São Luiz do Curu station (b).



Fig. 4. Spatial distribution of entropy of annual rainfall (a) and streamflow (b) in the
northeastern region of Brazil.

Fig. 5. Spatial distribution of entropy of rainy season rainfall (a) and streamflow (b) in the
northeastern region of Brazil.
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of marginal entropy for rainfall and streamflow between periods and
even between stations, the overall analysis showedmuch less variation
of entropy during the dry season due to the lower rain rates. By chang-
ing the time scale of observations and repeating the entropy calcula-
tions, the variability can be changed from one scale to another. Scaling
of entropy differs for rainfall and streamflow due to zeros in rainfall
series (Salas and Poveda, 2015). The entropy values were higher
where rainfall was higher. This was because the probability distribu-
tions of rainfall and resulting streamflow were more uniform and less
skewed. The less variation of entropy meant that the probabilistic
characteristics were not significantly different between areas and
periods.

The advantage of the entropymethod is that it provides ameasure of
information or uncertainty at each station. At each station one can also
specify the probability distribution which may or may not be the same
for one station to another. By plotting or constructing isoinformation
lines or contours, the spatial variability is exhibited. This can also shed
light on the adequacy of gauging station network. By changing the
time scale of observations and repeating the entropy calculations, the
spatial variability can be quantified from one scale to another. This
paper is different from other studies (Maruyama et al., 2005; Mishra
et al., 2009) did.

4. Conclusions

The entropy concept was used in this study to determine the spatio-
temporal variability/disorder of rainfall in northeastern region of Brazil.
Entropy leads to a better understanding of time and space structure of
rainfall and streamflow in the northeastern region of Brazil. It is
shown that entropy can be effectively used for assessing rainfall and
streamflow variability in both space and time.

The uncertainty level in streamflow data is higher than in rainfall
data due to the disorder and randomness of streamflow records. The
uncertainty in streamflow is higher than in rainfall because the



Fig. 6. Spatial distribution of entropy of dry season rainfall (a) and streamflow (b) in the
northeastern region of Brazil.
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propagation of uncertainty from rainfall to streamflow is also
compounded by geomorphic and land use characteristics. The time-
space variability of marginal entropy in streamflow depends on various
factors, including the intensity-duration-frequency of rainfall and their
variability in space and time. Both rainfall and streamflow variability
can satisfactorily be obtained in terms of marginal entropy as a compre-
hensive measure of the regional uncertainty of these hydrological
events. The Mann–Kendall test suggests that the temporal trend of en-
tropy in rainfall and streamflow is not influenced by the eventual
trend of the rainfall and streamflow values.

Relative entropy analysis shows that rainfall and streamflow carry
the same information content for the year and the rainy season. The
relative entropy varies from values close to zero in the dry season to
values less than one bit in the year and rainy season, indicating a high
degree of similarity between rainfall and streamflow, particularly dur-
ing the dry season due to low flow originating from rainfall. Based on
observed rainfall and streamflow data, it was developed a diagnostic
(rather than prognostic) of temporal trends that can be used to formu-
late inferences on the climate variability. Further, considering rainfall
and streamflow simultaneously, it is possible to determine if rainfall
and streamflow carry the same information content at certain time
scales.
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