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Abstract

Sensitivity Analysis (SA) is important to understand the relative importance of climate variables in the reference
evapotranspiration (ETo) computation. In this study, a sensitivity coefficient was used to predict ETo responses to disturbances
of five climatic variables in the Amazonian Hydrographic Region - AHR (Brazilian Amazon). The ETo was estimated using
the standardized equation of Penman-Monteith-FAO (PM-FAO). A 15-year meteorological data set of 38 surface
meteorological stations were used in the study. An additional analysis was also presented to determine homogeneous regions
of ETo by means of Cluster Analysis. The results showed that seven homogeneous sub-regions are sufficient to divide the
AHR into different ETo patterns which were separated considering the intensity and the seasonal pattern of ETo. By the SA,
the variables that contribute most to the computation of ETo using the PM-FAO method were the balance of radiation (Rn) and
wind speed (u2). These results demonstrate that, in general, it should be emphasized to precise measures of insolation, since
the precise estimation of Rn is directly associated with the measurement of this variable as well as of u2, which proved to be
the second most influential variable in the ETo computation.

Keywords: Penman-Monteith, cluster analysis, sensitivity coefficient.

1. Introduction

Evapotranspiration (ET) is a key process in
the hydrological cycle and undoubtedly the most
complex component to determine, especially in
tropical areas, where a large proportion of rain is
returned to the atmosphere via ET, making it a major
source of water vapor to our planet. It is estimated
that ET is 60% of global precipitation and can reach
almost 100% of rainfall in arid regions (Jovanovic
and Israel, 2012). In addition, ET varies depending
on landscape heterogeneity and topography, climate,
vegetation type and soil properties (Mu et al., 2007).
This makes the ET process very dynamic over time
and variable in space. Therefore, understanding how
this parameter varies in space and time is of
paramount importance for understanding one of the
critical components of the hydrological cycle.

Evapotranspiration of a reference surface,
with well-developed vegetation under certain climatic
conditions and unlimited water availability, is called
potential evapotranspiration (ETp). In real conditions,
however, water availability may be limited and the

amount of effectively evapotranspirators water is
less, being called real evapotranspiration (ETr) (Allen
et al., 1998). In 1990, however, the United Nations
Food and Agriculture Organization (FAO) convened
a meeting of experts in the field in Rome to meet a
number of objectives, including analysis of the
concepts and procedures of the methodologies for
calculating ET ( Allen et al., 1998; Carvalho et al.,
2011). Thus, the new concept proposed for ETp has,
in fact, become the Reference Evapotranspiration
(ETo), which has been widely used to quantify the
ET of a surface under standard conditions) or ideal,
as an assumed cultivation height of 0.12 m, a fixed
surface force of 70 s m™ and an albedo of 0.23.
Carvalho et al. (2011) point out that, in this case, the
reference crop used is a hypothetical crop, whose
characteristics closely resemble ET of grass.
Numerous methods have been introduced to
compute ETo, causing conflict between producers,
consultants and policy makers, making it difficult to
choose the appropriate method for estimating ETo. In
this regard, FAO recommended the use of the
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Penman-Monteith (PM) method, as this method was
standardized by FAO Document No. 56 (Allen et al.,
1998), to quantify ETo. Recent studies have
concluded that the standardized Penman-Monteith-
FAO method (henceforth, FAO-FAQ) provides a
reliable and consistent basis for objectively assessing
the relative performance of ETo equations in a
variety of climates (Itenfisu et al., 2003; Gavilan et
al., 2007).

Sensitivity Analysis (SA) plays an important
role in model development, calibration, uncertainty
analysis, scenario analysis and thus decision making
(Yang, 2011). Sensitivity indices are very important
for environmental modeling, especially for
distributed models such as PM-FAO because of their
high  nonlinearity, = non-monotonicity,  highly
correlated parameters and intensive computational
requirements (Irmak et al., 2006; Yang, 2011;).

Pioneering research by Saxton (1975) and
Beven (1979) and others have demonstrated the
importance of SA in understanding the structure, the
effect of variations in meteorological factors on
evapotranspiration evaporation rates, and the effects
of meteorological measurement errors, such as
example by differentiating the aerodynamic terms for
the Penman (1948) method with respect to each
variable. Thus, SA investigates the effect of changing
from one factor to another and also identifies the
most  sensitive parameters, which ultimately
determines the set of parameters to be used in the
subsequent calibration process (Irmak et al., 2006).

In the literature, SA techniques have been
categorized in a number of ways (eg Frey and Patil,
2002; Saltelli et al., 2004, 2008; Yang, 2011). Some
methods use a percentage variation in input and
respond to the corresponding change in the output
variables. Some other methods use an increase or
decrease to a certain extent and record the observed
changes (Kannan et al., 2007). A more efficient
approach is to differentiate mathematically the
equation or model under study (Gong et al., 2006;
Silva et al., 2011; Ambas and Baltas, 2012; Paparizos
et al., 2016).

Studies on the regional and seasonal behavior
of PM-FAO sensitivity to meteorological variables
are rare in the literature. Irmak et al. (2006) studied
the sensitivity of the standard PM-FAQO equation in
different regions of the United States from semi-arid
conditions to humid conditions. Gong et al. (2006)
conducted a sensitivity study in the Yangtze River

basin in China, calculating non-dimensional relative
sensitivity coefficients to predict ETo responses to
climate variable disturbances. In Brazil, these studies
have been concentrated in the northeast and central-
west regions, probably due to the availability of data
(Lemos Filho et al., 2010; Silva et al., 2011; Alencar
etal., 2012).

The sensitivity of the PM-FAO equation has
not yet been studied in the Amazon region, which
due to its great territorial extension has different
meteorological and climatic characteristics associated
with topographic effects and the presence of
meteorological systems that act at different time
scales (Santos et al., 2015). Therefore, it is believed
that a more comprehensive study on AS is necessary
in this region, and due to its great territorial
extension, to divide the Brazilian Amazon into
homogeneous regions of evapotranspiration in order
to contribute to these analyses.

In view of the above, the present study was
carried out with the aim of: (1) Verifying how many
sub regions are sufficient to represent homogeneous
regions of ETo in the Brazilian Amazon; (2) To
assess the sensitivity of the standardized PM-FAO
equation to the climatic variables in the sub regions
of the Brazilian Amazon, obtaining seasonal
sensitivity coefficients and (3) to verify if there are
significant differences between the homogeneous sub
regions through the Analysis of Variance (ANOVA).
Thus, quantitative estimation of the effect of different
meteorological variables on ETo is also an important
step in the study of the impact of climate change on
ET and water balance components.

2. Material and Methods

2.1 Study area

The study area comprises the Amazon
Hydrographic Region - RHA, which according to
ANA (2016) is inserted in the Amazon basin, but is
limited to the Brazilian territory (Figure 1). It has an
approximate area of a total of 3,870,000 km2 (42% of
the national territory). The population in the RHA in
2010 was 9,694.728 inhabitants (5.1% of the
country's population) and the demographic density of
only 2.51 inhabitants per km? (IBGE, 2010). The
RHA is divided into 29 hydrographic units and
covers 313 municipalities in seven states (Acre,
Amazonas, Rondbnia, Roraima, Amapa, Para and
Mato Grosso). It is characterized by an extensive
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hydrographic network, with great water availability.
Among its main rivers are: Purus, Jurua, Xingu,

SolimBes, Madeira, Negro and Guaporé (ANA,
2016).
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Figure 1 - Amazonian Hydrographic Region (Region of study) and spatial distribution of INMET's 38 surface

meteorological stations.

According to Marengo and Nobre (2009), the
average annual rainfall in the Amazon region is about
2,205 mm / year, ranging between 2,033 and 2,512
mm. The surface water availability is 73,748 m3 / s,
which corresponds to 81% of the country's surface
availability (91,071 m3 / s). The annual average
temperature is in the range between 24 and 26 °C.
The hottest months are September and October, while
the coldest months can range from June to August.
The average annual evapotranspiration is 1,320 mm
year™, varying between 441 and 1,667 mm year™.

2.2 Weather data

The monthly meteorological data (Table 1)
required for the calculation of ETo by means of
Equation (3) were extracted from the National
Institute of Meteorology (INMET) database through

the Meteorological Database for Teaching and
Research (in the abbreviation in Portuguese,
BDMEP), to the period from January 2000 to
December 2014, measured in the thirty three
conventional meteorological stations and from
January 2007 to December 2014 measured in the five
automatic meteorological stations installed in the
municipalities belonging to RHA, as observed in
Figure 1. This period is justified by presenting more
consistent values with fewer failures in the data set.
However, these data went through a series of steps in
order to be organized and analyzed, so the Multiple
Imputation technique (Rubin, 1989; Junger and Leon,
2012) was used to fill any missing data in the
observational meteorological series of according to
the methodology adopted and described in Silva
(2015).
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Table 1 - Meteorological variables, abbreviation and units.

Variable

-Average temperature*
Maximum temperature
Minimum temperature
Relative Humidity
Insolation

Atmospheric pressure
Wind speed
Precipitation

Global Solar Radiation*

Unit Abbreviation
°C Tmed
°C Tmax
°C Tmin
% RH
Hours n
hPa Pres
m/s Uy
mm PPT
W/m2 Rg

*Parameters estimated by empirical equations.

Normally, meteorological stations do not
measure global solar radiation (Rad), because of the
difficulty of measurement, together with the scarcity
of instruments, such as pyranometers. Thus, the
formula of Angstrom (1924), described by Ometto
(1981), was proposed, which was proposed for Rad
estimates as a function of hours of the sunshine our
insolation (n). For the estimation of global solar
radiation, we used Equation (2):

Ry=Ro(a+b) @
being, Rg the daily global solar radiation (cal. cm™
day™), at the ground level; Ro a Daily solar radiation
received by a horizontal surface at the top of the
atmosphere (cal. cm™ day™); n number of hours of
sunshine; N a Maximum sun exposure or
photoperiod; a and b are empirical coefficients
determined for each region. If a and b are not
available for a given locality Sentelhas and Angelocci
(2009) suggest the following approximation: a = 0.29
* cos@ (¢ local latitude) and b = 0.52 (constant). The
values of solar radiation at the top of the atmosphere
(Ro) and the maximum insolation (N) required in
Equation (2) can be obtained without difficulty in
Fernandes et al. (2010).

2.3 Estimated ETo

The estimates of ETo were calculated using
the method developed by Penman-Monteith
(Penman, 1948; Monteith, 1965) and later
parameterized by FAO, Equation (3), (Allen et al.,
1998). This method calculates the ETo of a reference
crop using simplified assumptions of soil cover and
vegetation growth without water constraints (for
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example, green grass with 0.12 meters and albedo of
0.23). The PM-FAO equation is given below:

900u, ).
Tpeo + 273J(es =) (3
A+y.(1+0,:34u,)

0,408.A(R, —G) + y(
ETo=

in which: ETo is the reference evapotranspiration
(mm day™), Rn is the net radiation at the crop surface
(MJ m? day™), G is the soil heat flux (MJ m? day™),
Tmed is the average daily air temperature measured
at 2 meters high (°C), u2 is the wind speed measured
at 2 meters (m s™), es is the saturation vapor pressure
(kPa), e is the current vapor pressure (kPa), A is the
slope of the vapor pressure curve (kPa ° C™) and y is
the psychrometric constant (kPa ° C™).

The standardized equations and details for
the calculation of all parameters of Equation (3) were
performed as shown in Allen et al. (1998) and also in
Silva (2015).

2.4 Cluster Analysis

After estimation of the monthly ETo for the
localities inserted in the RHA, the homogeneous
evapotranspiration regions were determined by
means of the multivariate technique called Cluster
Analysis (Mingoti, 2005). The Ward agglomerative
hierarchical method (Bien and Tibshirani, 2011) was
used, in which the measure of dissimilarity was the
Euclidean distance that, according to Mimmack et al.
(2001), is one of the measures indicated for
regionalization of climatic data and corresponds to
the geometric distance between two objects in the
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multidimensional plane, and can be obtained by the
following equation:

(4)

where, d,, is the Euclidean distance; X; and Y; are
elements to be compared, which in this research are
the annual averages of ETo.

The Ward or Minimum Variance method was
used to seek to join elements that make the groups
formed as homogeneous as possible. This method
searches for the least variance among the groupings,
joining elements whose sum of squares between them
is minimal or that the error of this sum is minimal
(Hervada-Sala and Jarauta-Bragulat, 2004; Bien and
Tibshirani, 2011).

The determination of the number of groups
was performed using the technique of Analysis of the
Behavior of the Fusion Level, and the groups formed
visualized by the two-dimensional diagram called
Dendrogram, detailed descriptions of these
procedures can be found in Mingoti (2005). These
groups were evaluated by the Silhouette Index (SI),
elaborated by Rousseeuw (1987). The values of this
index vary in the interval [-1,1]. Values near 1
indicate that the object is in the correct group. Values
close to -1 indicate that the observation was probably
allocated to an inadequate group and close to zero
indicate that the object is close to the boundary
between two groups and does not belong to one
group or another.

Finally, ANOVA (Hoffmann, 2011) was
applied in order to verify if the differences between
the annual averages of ETo among the homogeneous
sub-regions are statistically different. It is
emphasized that ANOVA does not tell exactly which
pairs of samples occur at significant differences. In
this way, the Tukey HSD test, proposed by Tukey
(1949) and described by Hoffmann (2011) and also
by Pereira et al. (2014), was used as a complement.
The test is also known as the Honestly Significant
Difference (HSD) test. It consists in determining the
confidence interval of the differences between the
annual averages taken two to two of the sub regions,
and if this interval does not include the value zero,
the difference is significant. This procedure uses the
amplitude of the t-student distribution and generally
works with a significance level of 5%.

2.5 Sensitivity Analysis

In order to determine the effect of a given
variable in the ETo computation, using the PM-FAO
equation in each homogeneous ETo region, the
Sensitivity Analysis (SA) technique was used. An
approach similar to that used by Gong et al. (2006) to
obtain the monthly Sensitivity Coefficients (SC) for
the meteorological variables: u2, Tmax, Tmin, RH
and Rg. The SC for each climatic variable was
obtained by mathematically differentiating the
equation or model under study. The relative non-
dimensionless SC of each variable was obtained by
the following equation (McCuen, 1974):

0ETo Vi

Cri = —— ——
Stvi Vi "ETo

)

where, SCy; is the coefficient of sensitivity and Vi is
the n variable.

The partial derivatives, necessary for the
determination of SC, were calculated analytically by
means of R project software. A Monte Carlo
simulation based on the definition of the coefficient
of sensitivity (SC,) was implemented for this
purpose. In this work, the SC of the climatic variables
were analyzed in the homestead sub region of the
RHA. Basically, a positive/negative SC of a variable
indicates that ETo will increase/decrease as the
variable increases. The higher the coefficient of
sensitivity, the greater the effect a given variable has
on ETo. For example, an SC of 0.2 for a variable
would mean, in this case, that a 10% increase in that
variable, while all other variables are held constant,
can increase ETo by 2%.

3. Results and discussion

The homogeneous groups arranged in the
RHA were identified using the Ward grouping
method and as a measure of dissimilarity the
Euclidean distance. The technique of Fusion Level
Behavior Analysis was used to obtain an idea of the
appropriate number of clusters, since this question of
the number of groups is subjective, and is at the
discretion of each researcher. Thus, the results of the
clustering history (not shown) were obtained. Based
on this technique, it was observed that from step 1 to
29 there was no significant loss of similarity or
increase of distances. However, from stage 35 there
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was a more pronounced loss. In this way, it seems
reasonable to define, as the final value of the number
of groups, that corresponding to step 35, that is,
number of groups equal to three.

In this case, the solution of three clusters can
be very simple; it may not adequately represent
differences in ETo patterns in the study region. A
solution of seven groups (step 31) is still admirable

20

LEGEND

and has the potential to offer more understanding of
the different ETo patterns present in the data.
Therefore, with these procedures and analyzes, the
best number of groups formed for this dataset was
seven. The corresponding Dendrogram is shown in
Figure 2, where one observes the seven groups
arranged and highlighted by colored rectangles.
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The next analyses will be on top of the
formations of the seven homogeneous regions of ETo
as indicated by the analysis of the previous paragraph
as well as their evaluation through the Silhouette
Index (SI). Figure 3a shows the spatial distribution of
the seven homogeneous regions for the RHA, where
each color corresponds to a homogeneous group. In
Table 2, some descriptive statistics of ETo are
summarized, such as mean, standard deviation and
coefficient of variation. It should be noted that given
the geographical proximity of the localities does not
guarantee the climatic similarity between them, there
have been cases in which the same homogeneous
regions are observed in different areas of the RHA
that may be associated with the spatial variability of
the phenomenon.

It is seen from Figure 3b that the formed
groups showed positive SI. These indexes ranged
from 0.26 to 0.62 with a mean of 0.39, that is, the
samples, on average, are allocated to apparently
correct groups, with the exceptions of two samples
being one of the R1 region and another of the R2 that
have negative Sls that indicate that these samples are
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Figure 2 - Dendrogram of the 38 localities of the RHA - Ward Method.

allocated to an inadequate group.

Figure 3c shows the average behavior of the
monthly mean accumulated ETo for the study period.
In general, the variability of ETo is very similar
between homogeneous regions, with minimum and
maximum occurring in the first and second semester,
respectively. However, these homogeneous regions
have different configurations due to the magnitude
(maximum and minimum peaks) and intensity. As for
example, the maxima of R2 and R7 occur on average
in August. While in the others in October, with the
exception of the R5 that presented two peaks of
maximum, one in February and another in October.

Table 2 shows that the highest ETo value
occurred at R6 followed by R5 and R7 with values
ranging from 141.3+7.2, 133.5+9.9 to 122.3+5.7 mm
month™, respectively. These regions are located in
the extreme north of the State of Roraima (R5),
northeast of Para (R6) and center-east of Mato
Grosso (R7). Meanwhile, the lowest values occurred
in the other sub regions, with R2 being the lowest in
the state of Rondonia (98.1+4.1 mm month™).
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Figure 3 - Grouping analysis for RHA: (a) spatial distribution of homogeneous regions; (b) Silhouette Index (SI)
graph and (c) Monthly average accumulated ETo belonging to regions (clusters) R1 to R7.

Table 2 - Descriptive statistics (Mean, Standard Deviation (SD) and Coefficient of Variation (CV)) of the ETo for
the homogeneous regions of the AHR formed by the Grouping Analysis.

HOMOGENEOUS REGIONS OF ETo

Statistics RI R2 R3 R4 R5 R6 R/ RHA
Average (mm month'l) 1143 98,1 1159 110,2 1335 141,3 1223 119,4
SD (mm) 54 41 56 46 99 72 57 6,1
CV (%) 47 44 48 41 74 51 47 5.1

The variability of the seasonal distribution of
ETo observed in the seven homogeneous sub-regions
is a natural phenomenon, resulting from a large

number of physical, chemical and biological
processes occurring in the wvarious climatic
components (atmosphere and terrestrial surface,

among others). In the study region, these processes
are induced by several local and remote factors.
According to Trenberth and Hurrel (1994), local
factors include the equatorial geographical location,

H.J.F. Silva et al./ Journal of Hyperspectral Remote Sensing 5 (2017) 258-271

the influence of the Tropical Atlantic, the existence
of the Andes, as well as the Amazon forest. Among
the remote factors are the Tropical Pacific,
Subtropical Atlantic and the large-scale circulation
patterns located in the Pacific and Atlantic.

The results found in this research corroborate
with the literature obtained for the Amazon basin
through data from reanalysis models (Marengo, 2005;
Zeng, 1999; Fan and Miguez-Macho, 2010) and
observational data (Rocha et al., 2004; Silva et al.,
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2015). The mean of these observations (~3.8 mm day
' or 114 mm month?) suggests that
evapotranspiration derived from global models may
be about 10% larger than observations (estimated or
measured) ranging from 3.7 to 4.6 mm day™ (111 to
138 mm month™). However, they have similar
seasonal patterns.

In order to better understand the seasonal
cycle of ETo in the seven homogeneous sub-regions,
the following analyzes were carried out around the
seasonal cycles of rainfall (PPT), relative humidity
(RH), radiation balance (Rn), mean temperature
(Tmed) and wind speed (u2) which comprises the
mean of the period from 2000 to 2014 for most
meteorological stations (Figure 4).

For the rainfall data, it was divided into two
figures (Figure 4a and b). It is noted that the seasonal
distribution of rainfall (PPT) over most regions is
characterized by being unimodal. The rainy season in
most regions occurs between November and March,
with a peak in the austral summer, between
December and February / March, and the dry season
(less rainy) occurs from May to September. In the R5
region, the northernmost part of the RHA, there is a
reversal of this phase in response to solar heating,
and the rainy season occurs from May to September
and the driest period, from November to March. For
the UR (Figure 4c) it is observed that the monthly
average accompanies the seasonal distribution of the
rainy season and the dry of the PPT of the respective
homogeneous regions. Tmed has similar seasonal
behavior in most regions, with winter minimums
(JJA) and spring maximums (OSN). In the R2, R4
and R7 regions, the greatest thermal amplitudes (~
2°C) were verified when compared with the other
regions. The strongest seasonal pattern in these
regions is explained by the incursions of polar (dry
and cold) air masses from the south of Brazil, locally
known as "friagem", frequent in the autumn and
austral winter months (Marengo et al., 1997).
However, the higher temperatures are observed in
regions R1, R5 and R6, due to their geographic
location to the north, which receive more solar
energy during the year (Salati and Marques, 1984).

As for wind velocity (u2), it can be seen from
Figure 4e that for the R5 and R6 regions the seasonal
pattern was more defined and with larger amplitudes,
presenting on average lower values between autumn
and winter and higher in spring with average between
1.5 and 2.5 m s™". For the other regions, there are few
variations in the annual cycle, but the values are
relatively smaller in the first semester and higher in
the second with annual averages around 1.0 m s™. In
Figure 4f, it is observed that between the regions
there is a similarity in the annual cycle of the
radiation balance (Rn), but they present differences in
their amplitudes and in the occurrence of maxima and
minima. For example, the R1, R3, R4, R5 and R6
regions occur in September, while in R2 and R7 in
October, and the minimum values generally occur
between May and June. This seasonal temporal
variability of Rn over homogeneous regions is mostly
controlled by the nebulosity associated with intense
local convection (Horel et al., 1989). The cloud is the
most variable component of the climate system and
plays an important role in the determination of the
climate, and act as both solar radiation reflectors and
terrestrial radiation absorbers, implying energy
balance and consequently in the Rn (Liebmann et al.,
1998).
These patterns and intensities of the meteorological
variables observed in the seven homogeneous sub-
regions of the Brazilian Amazon are consistent with
studies reported in the literature (Marengo et al.,
2004; Marengo, 2009). They demonstrate that the
different seasonal patterns in the northern
(northeast/northwest) and southern
(southwest/southeast) Amazon are due to the spatial /
temporal variability of the meteorological systems
operating in the region. These are associated mainly
with convective and moisture transport mechanisms
from evaporation in the Atlantic Ocean, associated
with the Intertropical Convergence Zone (ITCZ) and
evapotranspiration in the Amazon rainforest, as well
as synoptic scale systems such as the South Atlantic
Convergence Zone (SACZ), which over time, their
influences decrease gradually in these regions (Nobre
et al., 1991; Duarte, 2006; Villar et al., 2009).
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Brazilian.

Figure 5 shows the Sensitivity Coefficients
(SC) for the variables balance of radiation (Rn),
maximum and minimum temperatures (Tmax and
Tmin), relative humidity of the air (RH) and wind
speed (u2), measured at 2 meters for each of the
seven sub regions over the annual cycle. Although no
cut-off value other than SC has been defined, the
rather arbitrary value of 0.05 is often accepted in the
literature for this type of analysis and for
distinguishing important parameters from non-
important ones in more complex models.

Thus, in general, it can be observed that the
variables that contribute the most, that is, with the
greatest influence in obtaining ETo in the study
region were Rn and u2, with mean SC of 0.28 and
0.15, respectively . These SC present an expressive
behavior for the entire annual cycle, indicating that in
this experimental scenario, this subset of variables
are the ones that most affect the response variable of
the parameterized model of Penman-Monteith-FAO.
Where a variation of 10% of these variables, while
the others remain constant, can increase ETo by 2.8%
and 1.5%, respectively. The temperatures (Tmax and

Tmin) in conjunction with the UR presented
minimum values of CS (<0.02) indicating that these
variables have low or no influence on the prediction
of ETo, except for Tmax, which in R2 and R7
presented CS of 0.06 in the month of August and of
0.07 in the R6 from September to November.
However, the CS of the UR presented negative values
for all the months of the year, that is, the increase of
this variable reduces ETo, thus becoming a limiting
factor, even if subtly.

It is observed that in R1, R3, R4, R5 and R6
(Figure 5a, 5¢, 5d, 5e and 5f) Rn is the parameter that
has the greatest influence on ETo, being predominant
in all months, followed by u2 that showed the
greatest influence in the second semester, agreeing
with the seasonal pattern of these variables in the
respective regions (Figures 4e and 4f), but remaining
below Rn, with the exception of R5 and R6 that in
October to December are equivalent. For the R2 and
R7 regions (Figure 5b and 5g, respectively), we
observe a strong seasonal behavior of the SC for the
parameters Rn and u2, where in the period from
November to April the parameter Rn is the most
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influential variable followed by u2. From June to
September, u2 is the most influential variable in ETo

computing, agreeing on average with the seasonal
pattern of ETo (Figure 4e).
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Figure 5 - Monthly average of the sensitivity coefficients for maximum temperature (Tmax), minimum temperature
(Tmin), relative humidity (RH), wind speed (u2) and radiation balance (Rn) for the seven sub regions of the
Brazilian Amazon : (a) R1, (b) R2, (c) R3, (d) R4, (e) R5, (f) R6 and (g) R7.

Thus, for the annual cycle, it was observed
that the variables that contribute most to the
computation of the ETo using the standardized
Penman-Monteith-FAO method in the RHA were the
balance of radiation and wind speed. For R1, R3, R4
and R6, Rn is the variable that contributes most
during the whole annual cycle, whereas for drier
regions with lower precipitation values such as R2
and R7, the wind speed is the most influential
variable, but it is restricted in the less rainy months.
This situation can be explained due to the great
morphoclimatic variability (climate, orography and
vegetation) of the region of study associated with its
great territorial extension. According to Santos et al.
(2015), in the Amazon, allow the development and
performance of different climate systems, such as
ITCZ and SACZ, among others, such as Lines of
Instability and incursion of Frontal Systems

(“friagens™) that contribute significantly to the
temporal space variability of these variables.

Similar results were found by Irmak et al.
(2006), who analyzed the effects of climatic elements
on ETo estimated by the PM-FAO equation in
different regions of the United States of America
with different climatic characteristics and also by
Debnath et al. (2015) and Bakhtiari and Liaghat
(2011) in India and Iran, respectively. These authors
verified that solar radiation, which is used for the
calculation of Rn, was the most influential parameter
in humid places, whereas in drier places (arid and
semi-arid) it was the wind speed in the months of less
convective activity in those regions, that is, with less
cloudiness (less rainy period). In Brazil Lemos Filho
et al. (2010) verified that solar radiation and wind
speed were the most sensitive variables in the central-
west region of Minas Gerais. However, Silva et al.
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(2011) found that in the northern region of the state regions are explained by the parameters Rn and u2,

of Paraiba (northeastern Brazil) the balance of since these parameters were generally more sensitive
radiation followed by relative humidity were the most throughout the year in these sub regions (Figure 5).
sensitive variables in the ETo computation. However, For the R1, R3, R4, R5, and R6 regions, the
Gong et al. (2006) found that the most sensitive minimum and maximum of the ETo are coincident
variable in this equation in their area of study (China) with the seasonality of the parameter Rn, which
was the relative humidity of the air followed by presents minimum values in autumn while the
short-wave radiation and air temperature; the wind maximums occur simultaneously in the spring.
speed presented the lowest values of sensitivity However, for the R2 and R7 regions the minimum
coefficients while in Greece, Paparrizos et al. (2016) values of ETo oscillated between autumn and winter,
found as the most sensitive variable the balance of which can be influenced by either Rn or u2, while the
radiation followed by maximum and minimum maximums coincide with the maximum values of u2
temperatures. These were explained mainly by the occurring in august.
great spatial variability of these regions. Table 3 shows the ANOVA results. It was
Retrieving the analyzes of the seasonal verified by means of p-value at 1% of significance
variability of ETo in the seven sub regions of the that the differences between the annual averages were
Brazilian Amazon (Figure 3c) together with Figure 5. highly significant. This suggests that there is at least
It can be inferred that the temporal variability one significant difference between the pairs of ETo
(maximum and minimum) of the ETo in the sub samples.

Table 3 - The result of application of the ANOVA technique for the annual averages of ETo for the seven ETo
homogeneous regions of the RHA: R1, R2, R3, R4, R5, R6 and R7.

- Degrees of . .
Source of Variation freedom Quadratic sum Middle square Fearc Value-p
Between the regions 6 14367 2394,5 332 -
Within regions 90 649 7,21
Total 96 15016 - - -

**: level of significance of 5%; ***: level of significance of 1%.

In order to verify exactly which pairs of respective pairs of samples taken every two (R1-R2,
samples (regions) occurred to the significant ... and so on). The decision criterion was that if the
differences, the Tukey-HSD test was used (Figure 6), confidence interval, created around the meanings of
where the values of the differences of the average the pairs of samples, contains the value zero, we do
values of the homogeneous regions are found in the not reject the hypothesis of equality between the
axis of the abscissa, in the axis of the ordered, the means, otherwise, the null hypothesis is rejected.

R5-R3 R5-R2 R6-R1 R2-R1

RB6-R4

|

T T T
20 0 20 40

R7-R8

Figure 6 - Confidence interval of 95% between the differences of the means of the ETo in the annual scale between the sample
pairs of each homogeneous sub-region.
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Thus, for the annual scale, it was observed
that all sample pairs presented statistical difference at
5% significance (Figure 6). This situation can be
explained due to the great territorial extension of the
study region where several meteorological systems
act in a heterogeneous way during the annual cycle
modulating the meteorological variables that
condition the ETo as well as the conditions of relief
and vegetation implying in their average values.

In order to guarantee the efficacy and
assumptions of normality, homoscedasticity (constant

variance) and independence of the ANOVA model,
we performed the analysis of the residues by means
of the statistical tests of normality, homoscedasticity
and independence for the variable of interest by
means of the tests of Shapiro-Wilk, Cochran and
Durbin-Watson, respectively, described in Royston
(1982). The results of the tests, not shown,
guaranteed the ANOVA assumptions at 5%
significance, as can also be verified by Figure 7,
where there is no evidence of a breakdown of these
assumptions.

(@)
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Figure 7 - Graph of the residuals of the ANOVA model for variance (a), normality (b and d) and independence (c).

4. Conclusions

The results suggest that three homogeneous
sub-regions are sufficient to divide the Brazilian
Amazon into different ETo patterns, but in a more
detailed analysis, it was shown that the ideal is to use
seven sub regions, which were separated considering
the intensity and the seasonal pattern of ETo. All the
sub-regions formed by the hierarchical agglomerative
Ward method presented statistical difference at 5% of
significance. These are consistent with the behavior
of the main meteorological variables that condition
the ETo, which by the Sensitivity Coefficient
indicated that the Radiation Balance and wind speed
are the most sensitive variables in the estimation of
ETo by the standard Penman-Monteith-FAO method.

These results demonstrate that, in general,
precise measurements of sunshine and / or global
solar radiation should be emphasized, since the
precise estimate of Rn is directly associated with the
measurement of these variables as well as the wind
speed that was shown to be the second the most

influential variable in ETo computation.

H.J.F. Silva et al./ Journal of Hyperspectral Remote Sensing 5 (2017) 258-271

Thus, the results of this study can serve to aid
in the analysis and the meteorological forecasts and
the validation of the annual cycle of climate models.
In addition, it may also be useful to evaluate the
response of the Penman-Monteith-FAO standardized
equation in different climatic conditions.
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