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Abstract

Over the years, authors have focused on various methods of computing evapotranspiration undermining the stochastic
nature of its distribution and the effect of atmospheric variables (covariates). This work employed the binary logistic
regression model in modeling and predicting the chance dynamic of evapotranspiration using maximum and minimum
relative-humidity, maximum and minimum air temperature, solar irradiance and wind speed as covariates. The result
shows that; the model was able to classify correctly 89.4% of high evapotranspiration, 91.5% of low evapotranspiration
and an overall 90.4% correct classification. The chance of high evapotranspiration occurring in Kano is higher than low
evapotranspiration for a unit rise in any of the covariates except minimum relative humidity. Findings from this study
clearly show that logistic regression model can predict evapotranspiration very efficiently.

Keywords: Penman-Monteith’s, Evapotranspiration, Wind Speed, Binary Logistic regression.

Introduction

Evapotranspiration is the combination of two processes,
namely; evaporation and transpiration. Evaporation and
transpiration occur simultaneously, and there is no easy
way of distinguishing one process from the other.
Evaporation is the loss of water from open bodies of
water, such as reservoirs and lakes, bare soil, wetlands and
snow cover while transpiration is the loss from living-plant
surfaces [I]. Evapotranspiration plays a significant role in
maintaining water balance of the terrestrial ecosystem.
One of the major challenges that researchers in
meteorology and climatology are facing all over the world,
is the development of accurate prediction models. Thus,
accurate modeling and predicting the chance dynamics of
evapotranspiration is essential for well-organized irrigation
management, environmental assessment, water resources
management, ecosystem modelers, crop production and
solar energy system [2]. Many factors such as weather, the
crop, the environment and management affect the rate of
water loss to the atmosphere by evapotranspiration. The
weather factors include climatic variables such as
maximum and minimum relative-humidity, maximum and
minimum air temperature, solar irradiance and wind speed.
Evapotranspiration is usually computed from weather data,
as it is difficult or expensive to obtain accurate field
measurements. The rate of evapotranspiration is
determined using different approaches. These approaches
are generally classified into direct and indirect
measurement [3].

The direct measurements include the use of lysimeters and
atmometers. The indirect measurement involves the use of
empirical models such as Temperature-based models,
radiation-based models and a combination approach based
on Penman model in estimating evapotranspiration using
meteorological data [4]. Many researchers have
recommended different methods in calculating reference
evapotranspiration [5-10] but the Penman-Monteith’s
equation has been recommend as the best estimator of
Reference Evapotranspiration (ETo) if all meteorological
data is available [I1]. In this work, the binary logistic
regression was used in modeling the chance dynamics of
evapotranspiration using climatic variables as covariate in
Kano. Logistic Regression is a method used when
dependent variables are binary, tertiary, ternary and
quaternary [12].

The logistic regression is preferred over the simple linear
regression because the dependent variable to be predicted
is a discrete value, while it is continuous in the linear
regression analysis. Also, there is no precondition in the
logistic regression regarding the distribution of
independent variables. Depending on the kind of a
dependent variable, there are three main methods of
logistic regression analysis namely: binary logistic
regression, ordinal logistic regression and nominal logistic
regression [12]. The binary logistic regression model is
adopted for this study because it is a regression model that
examines the relationship between discrete or continuous
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(independent) variables and those which have binary result
variables (dependent variables). The independent variables
are the covariates while evapotranspiration is the
dependent variable in this work. In general, the logistic
regression aims at estimating parameters according to the
logistic model that is formed. Literatures on binary logistic
regression with applications to diverse aspect of life are
vast [13-17]. This study differs from previous research,
because this study did not stop at estimating
evapotranspiration in Kano. In furtherance, this study
developed a model for predicting the chance dynamic of
evapotranspiration using some climatic variables as
covariates in Kano.

Kano is located between latitude 11.7574°N and 8.660 I °E,
and it is the commercial nerve center of northern Nigerian
and the third-largest city in Nigeria after Lagos and Ibadan.
The principal inhabitants of the city are the Hausa people.
Kano is 488 meters above sea level. The city lies to the
north of the Jos Plateau, in the Sudanian Savanna region
that stretches across the south of the Sahel. The city lies
near where the Kano and Challawa rivers flowing from the
southwest converge to form the Hadejia River, which
eventually flows into Lake Chad to the east. [I18]. The
temperature of Kano ranges between 15.80C and 33°C,
but during the harmattan, it falls down to as low as 100C.
Kano has two seasonal periods which consist of four to
five months of wet season (May - September) and a long
dry season lasting from October to April [19].

Penman-Monteith’s (FAO-56) Model.
The FAO has adopted the Penman-Monteith’s equation
(FAO56-PM) as the standard technique in computing
reference  ET. For a given day, the reference
evapotranspiration rate is stated as [I |]:

900
0.4084(Rp~G)+Y 5 =Uz(es~e€q)
A+y(140.34U,)

ET, = (mm day™1) )
where ETy , T ,y, 4, Ry, G, e, 4, and U, are reference
evapotranspiration rate (mmday~!), daily mean air
temperature, psychometric constant (kPa °C-!), slope of
the vapor pressure curve (kPa °C-!), net radiation at the
crop surface (MJ m-2 d-!), soil heat flux density (M} m-2 d!),
saturation vapor pressure (kPa), actual vapor pressure
(kPa) and wind speed at 2m above the ground.

The psychrometric constant can be computed using
equation (2):

y = 0.000665P @)

293—0.00652]5'26

P =1013 22 3)

where P = the atmospheric pressure (kPa) and Z =
elevation above sea level (m).

The slope of the vapor pressure curve is given as:
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(Tmean+237.3)?

Tmean = Tmax;Tmm 5

where T, 04, = average daily mean air temperature

The net radiation at the crop surface can be computed
using equation (6):

Rn = Rnx - RT (6)

Given:]{nY = (1 - a)RS
@)

where
R, - U[(T,,m +273 .16)‘;(T ,,,,,, +273 .16)‘](0_34 70_14\/2)[1_35%70_35]
®
RH RH .
e max + e min
e - (T min )[ 100 ] (T yax )[ 100 ]
¢ 2
17 .27 T
e = 0.6108 ex max
(T ) e e+ 237 3
17 27T .
e = 0.6108 ex min 9)
(T ) P 037 3

where Rns = net solar radiation (MJ m-2 day-'), a = albedo (

0.3), (R, )= net terrestrial (long wave) radiation, O =
Stefan-Boltzmann constant [4.903x10-°M] K-* m-2day-!],

R_ = incoming solar radiation (MJm2 day-), (ea)=

S

actual vapor pressure, €.

min

and e, = dail
() 4
saturation vapour pressure at minimum and maximum

temperature, and RHmaX RH , are maximum and

minimum relative humidity.

The clear-sky radiation Rm is given by:

R,=(0.75+2E10-52)R,

(10)
where
R =M()Gsﬁ(cosocos§sirrg +@sirrpsiné)
Vs 180
(1)
Or =1+ 0.033 cos[ 22 /]
r= . cos 363 j (12)
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284+,

3 (13)
@, = arccos[—tan(p) tan(d)]

5 = 23.455in(360

(14)

where (Ra) = daily extraterrestrial radiation, GSC =

solar constant (1367w/m2) , (a)s ) = sun angle

(8) = solar declination, ¢ = latitude of a particular
location, (OF)= inverse relative distance Earth-Sun and

J = number of the day in the year between | (I January)
and 365 or 366 (31 December)

The wind speed measured at heights other than 2 m can
be estimated according to equation (I5):

4.87
U, =U, —=87
2 h In(67.8h-5.42)

(1)

where, U, , Uy, and h are wind speed 2 m above the
ground surface (ms-'), measured wind speed 2 m above
the ground surface (ms-!) and height of the measurement
above the ground surface (m) respectively.

Logistic Regression

Logistic regression analysis studies the relationship
between a categorical dependent variable and a set of
independent variables. Generally, the response variable is
binary (such as high or low, success or failure, presence or
absence, etc) in logistic regression. Binary Logistic
regression analysis is a statistical technique that examines
the influence of various factors on a dichotomous outcome
by estimating the probability of the event’s occurrence
[20]. Suppose the numerical values of 0 and | are assigned
to the two outcomes of a binary variable, m is the
proportion of observations with an outcome of ‘I’ and
‘1 —m’is the probabilty of a outcome of ‘0.
Mathematically, the logit transformation is written as:

logit(y) = In (ﬁ) (16)
where the ratio % is called the odds and the logit is the
logarithm of the odds, or just log odds.

The odds of an event occurring is defined as the ratio of
the probability that the event will occur divided by the
probability that the event will not occur. Since logistic
regression calculates the odds, the impact of independent
variables is usually explained in terms of odds relating ‘y’
(mean of the response variable) and X (explanatory
variable) through the equation y = a + fix.
Mathematically, the natural log odds as a linear function of
the explanatory variable are given as:

logit(y) = naturallog(odds) =In (ﬁ) =a+px (17)
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The parameters of the logistic regression are a and f.
Equation (17) is the simple form of the logistic model.
Taking the antilog of Equation (17) on both sides, one
derives an equation to predict the probability of the
occurrence of the outcome of interest as follows:
7 = Probability (y = outcome of interest/X
= x, a specific value of X)
ea+Bx 1
= 1+ea+Bx = 1+e—(@+Bx) (|8)
Extending the logic of the simple logistic regression of
equation 18 to multiple predictors, a complex logistic
regression can be constructed as:

logit(y) = In (=) = a + i X, + B2 X, 19)
Hence,
7 = Probability (y = outcome of interest/X
= x, a specific value of X)
e@+B1X1+B2X>2 1
m= 1+e@+B1X1+B2X2 = 14+e—(@+B1X1+B2X7) (20)

where T is the probability of the event, o is the Y
intercept, Bs are regression coefficients, and Xs are a set
of predictors. The ‘a and s’ are usually estimated using
the maximum likelihood method, which is preferred over
the weighted least squares approach [I17]. The maximum
likelihood method usually uses the modified Newton-
Raphson method [21]. [22] stated that the probability
density function of y; is given as:

P(Y )=t 7Y (1 —m)t~¥i (21
This gives rise to the log-likelihood:

L1, Y20 e Vs B By e ) = L =TI, PY ) =

[T, P(Y fm)(1 = m)t =

InL =Y",[ln Y+ In(1 —m)* i ]=Y", [y;lnm; + (1 —
y)Iin(l—m) ]

=S [in ()] + S lin(1 - )] (22)
Since,
_ _etifi 1 i _ oxiBi
T —m ,1—7Ti —m and 1_—ni—€
Therefore;

InL=FiL, [~yiin (1= e+ (1= y)n (1 - ) | @3)

The gradient of the likelihood with respect to estimated
coefficient is:

= B (i — )i = 0 (24)
Equation (24) is a nonlinear equation, thus requires a
unique method of solution in the case of logistic
regression. There are two procedures obtainable for
testing the significance of one or more independent
variables in a logistic regression. They are the likelihood
ratio tests and Wald tests. The likelihood-ratio test
statistic is given as [23]:
~2log (1) = ~2llog(Ly) — log(L)] = 2Ly = L) (25)
where Ly is likelihood of the fitted model and L, is
likelihood of saturated model.

The log transformation of the likelihood functions
(equation 25) yields a chi-squared statistic. The chi-squared
statistic (y2) is given as [17]:
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=St (26)
Where 1; = \/% ,¥(1 — ) is the standard deviation

of the residuals and J = %
This statistic follows a 2 distribution with n— (k+I)
degrees of freedom, so that p-values can be calculated.
The Wald statistic is the ratio of the square of the
regression coefficient to the square of the standard error
of the coefficient given as [24]:
i

(= (27)
Each Wald statistic is compared with a Chi-square with |
degree of freedom [24].
Hosmer and Lemeshow proposed grouping the values of
the estimated probabilities so as to find the overall
goodness of fit. The Hosmer-Lemeshow statistic is given
by [25]:

Y (0;-njm))’°
€= 2y @9
where g denotes the number of groups, n]f is the number
of observation in the j* group, O; is the sum of the Y
values for the jth group and T is the average probability for
the jth group. The Hosmer-Lemeshow statistic test is more
reliable and robust than the traditional chi square test.
Once the model is fitted, checking the validity of
deductions drawn from statistical modeling techniques
depends on the assumptions of the statistical model being
satisfied [20]. The basic assumptions of logistic regression
include:

i That the outcome must be discrete, otherwise
explained as, the dependent variable should be
dichotomous in nature.

ii. There should be no outliers in the data, which
can be assessed by converting the continuous
predictors to standardized, or z scores, and
remove values below -3.29 or greater than 3.29.

iii. There should be no multicollinearity among the
predictors.  This can be evaluated by a
correlation matrix among the predictors.

Methodology

The daily maximum and minimum relative humidity,
maximum and minimum air temperature, solar radiation
and wind speed data were obtained from the International
Institute of Tropical Agriculture (IITA) Ibadan, Nigeria for
the period of thirty-four (34) years (1977-2010). The wind
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speed was estimated for 2 m above the ground surface
using equation (15), since the data collected was measured
I0 m above ground surface. The daily reference
evapotranspiration (ET,) was computed using equation (I)
after computing the parameters from equation (2) to (I5).
The average monthly evapotranspiration (ET) was also
computed.

Let a random variable E, describe the daily
evapotranspiration (E) with realization ‘0’ if ‘E’ is below
average (E) and ‘I’ if the daily evapotranspiration (E) is
above average (E). This is termed low and high
evapotranspiration respectively. Mathematically we have;
_ {0, if E, < E(low evapotranspiration). (29)
¥~ 4,if E, = E(high evapotranspiration).

If m is the probability of an outcome of | (high
evapotranspiration), then 1 —m is the probability of an
outcome of 0 (low evapotranspiration). The SPSS package
was used in carrying out the binary logistic regression
analysis. The independent variables (covariates) are the
daily maximum relative humidity, minimum relative
humidity, maximum air temperature, minimum air
temperature, solar radiation and wind speed, while the
dependent variable (outcome) is either the high and low
evapotranspiration.

Results and Discussion

Evapotranspiration as earlier explained, is the term used in
describing the loss of water to the atmosphere through
evaporation and transpiration. The maximum average
monthly evapotranspiration occurs in the month of March
and minimum in August, as observed in Figure I. This
implies that, more water is lost to the atmosphere in the
month of March when compared to the month of August.
This could also be as a result of high amount of solar
radiation experience in the month of March than any other
month of the year.

According to [26], the loss of | mm of water per day is
the loss of 10 m3 of water per hectare (10,000 litres per
hectare). That is, over 10 m3 of water per hectare is lost
daily in kano yearly as observed in Figure |. Since more
water is lost from the month of January to May, farmers
can design irrigation systems in order to meet peak water
requirements for their crops.
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Figure |: Average monthly Evapotranspiration for Kano State.

Logistic regression is used to predict a categorical (usually
dichotomous) variable from a set of predictor variables. In
this study, the high and low evapotranspiration is our
categorical variable while solar radiation, maximum and
minimum air temperature, maximum and minimum relative
humidity and wind speed are the covariates or predictor
variables. Modeling and predicting the chance dynamics
(high and low) of evapotranspiration in Kano is of great
importance to crops and farmers. The Binary Logistic
Regression procedure reports the Hosmer-Lemeshow

goodness-of-fit statistic and uses it to determine whether
the model adequately describes the data. The Hosmer-
Lemeshow tests the null hypothesis of the predictions
made by the model fit with the observed group
memberships, as shown in Table |. [27] stated that the
Hosmer-Lemeshow tests procedure suffers from several
problems, and that even Hosmer and Lemeshow have
acknowledged the problems with this test. He went
further to state that with large sample sizes, the test may
be significant, even when the fit is good but with small
sample sizes, it may not be significant, even with poor fit.

Table I: Model summary and Hosmer-Lemeshow tests

Model Summary Hosmer - Lemeshow Test
-2 Log Cox and Snell Nagelkerke
Step likelihood R Square R Square Chi-square df Sig.
I 12760.612 0.287 0.384 137.781 8 0.00
2 9019.167 0.475 0.634 233.700 8 0.00
3 7954910 0519 0.693 380.644 8 0.00
4 7004.578 0.555 0.741 1508.051 8 0.00
5 6842.009 0.561 0.749 1882.979 8 0.00
6 6748.868 0.564 0.753 1974.220 8 0.00

df = degree of freedom

As the number of steps is increasing, the -2 log-likelihood
is decreasing, while the R2 (Cox and Snell and Nagelkerke)
is increasing as shown in Table |. In the linear regression
model, the coefficient of determination ‘R? summarizes
the proportion of variance in the dependent variable
associated with the independent variables. A larger value
of R? indicates that more of the variation is explained by
the model, to a maximum of |. For binary logistic
regression models with a categorical dependent variable, it
is not possible to compute a single R2 statistic that has all
the characteristics of R2in the linear regression model, so

these estimates are computed instead. The Cox and Snell
and Nagelkerke methods are generally used in estimating
the coefficient of determination in binary logistic
regression. The Cox and Snell and Nagelkerke under the
model summary have R2? equal to 0.56 (56%) and 0.75
(75%) respectively after step 6 as shown in Table I. Each
step explains the addition of one climatic variable to the
model. R square defines the model applicability. Thus,
higher values are indication of adequate data fitness using
the model.
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The classification table shows the practical results of using
the logistic regression model. Cells on the diagonal are
correct predictions, as presented in Table 2. Of the cases
used to create the model, 5965 of the 6517 data on low
evapotransipiration are classified correctly, while 5107 of
the 5714 data on high evapotransipiration data are
classified correctly. This model was able to classify

FUAMJPAS 1(2):58-67, December 2021 é

correctly 89.4% of high evapotranspiration and 91.5% of
low evapotranspiration. From step to step, the
improvement in classification signifies how well the model
performs, as shown in the percentage correct in Table 2.
Overall, 90.5% of the cases are classified correctly, as
shown in Table 2.

By default, SPSS sets its threshold to 0.5 in order to make
decision after classifying the subjects in the analysis.

Table 2: Classification table of the observed and predicted high and low Evapotranspiration

PREDICTED
EVAPOTRANSIPIRATION
Percentage

STEP OBSERVED LOW HIGH Correct
| EVAPOTRANSIPIRATION LOW 4985 1532 76.5
HIGH 1897 3817 66.8
Overall Percentage 720
2 EVAPOTRANSIPIRATION LOW 5604 913 86.0
HIGH 999 4715 82.5
Overall Percentage 84.4
3 EVAPOTRANSIPIRATION LOW 576l 756 88.4
HIGH 820 4894 85.6
Overall Percentage 87.1
4 EVAPOTRANSIPIRATION LOW 5918 599 90.8
HIGH 653 5061 88.6
Overall Percentage 898
5 EVAPOTRANSIPIRATION LOW 5942 575 91.2
HIGH 634 5080 88.9
Overall Percentage 90.1
6 EVAPOTRANSIPIRATION LOW 5965 552 91.5
HIGH 607 5107 89.4
Overall Percentage 90.5

If the probability of the event is greater than or equal to
some threshold, then the chance of the event occurring is

high. The probability of high evapotranspiration occurring
is greater than low evapotranspiration since the threshold
is greater than 0.5 as presented in Figure 2
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Step number: 6
Ohserved Groups and Predicted Probabilities
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L
F L
R 1500 +L Hr
E L H
Q L H
u L H
E 1000 +L H+
N L H
c L H
T L H
500 +LL HH4+
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Predicted Prokability is of Membership for HIGH
The Cut Value is .50
Symbols: L - LOW
H - HIGH
Each Symbol Bepresents 125 Cases.

Figure 2: Frequency of observed groups and predicted probabilities of high and low evapotranspiration.

The ratio of the coefficient to its standard error, all
squared, equals the Wald statistic. If the significance level
of the Wald statistic is small (p < 0.05) then the parameter
is useful to the model. From Table 3, it is observed that
the significance level of the Wald statistic is less than 0.05
(p < 0.05), therefore the predictors and coefficient values
shown in the last step can be used to make predictions.
The interpretation of a logistic regression coefficient is not
as straight forward as that of a linear regression
coefficient. The coefficient (f) is suitable for testing the
usefulness of predictors, while Exp (f) is easier to
interpret. Exp (f8) represents the ratio-change in the odds
of the event of interest for a one-unit change in the
predictor. The variables in the equation output in Table 3
shows that the regression equation in the various steps
are:

I:In(odds) = —5.149 + 0.276 Solar radiation. (30a)

2:In(odds) =

—19.103 4+ 0.339 Max. Air Temp.+0.378 Solar radiation.
(30b)

3:In(odds) — 29.071 +

0.386 Max. Air Temp. +0.297 Min. Air Temp. +0.446 Solar radiation.
30¢)

4:In(odds) =

—34.812 + 0.525 Wind speed + 0.449 Max. Air Temp. +
0.314 Min. Air Temp. + 0.495 Solar radiation.

(30d)

(30d)

5:Iln(odds) =
—33.581 + 0.544 Wind speed — 0.027Min.rel. hum. +
0.444 Max. Air Temp. +

0.319 Min. Air Temp. + 0.501 Solar radiation. (30e)
6:1n(odds)
= —93.916 + 0.564Wind speed
+ 0.6 Max.rel. hum.—0.027Min.rel. hum. +
0.446 Max. Air Temp. +
0.326 Min. Air Temp. + 0.509 Solar radiation. (30f)

The model in step 6 can be used to predict the odds that
evapotranspiration would be high or low in Kano, because
the model classify correctly 89.4% of high
evapotranspiration and 91.5% of low evapotranspiration as
shown in Table 2. From Table 4, the odds ratio Exp(f)
predicts that the odds of having high evapotranspiration as
a result of one unit rise in solar radiation is 1.66 times
higher than the odds of having low evapotranspiration if all
other variables are kept constant. The probability of high
evapotranspiration occurring in Kano for one unit rise in
solar radiation is 0.62(62%), while 0.38 (38%) chance for
low evapotranspiration occurring if all other variables are
kept constant as shown in Table 4. The chance of high
evapotranspiration occurring in Kano is higher than low
evapotranspiration for a unit rise in solar radiation,
minimum and maximum air temperature, maximum
relative humidity and wind speed expect minimum relative
humidity as seen in Table 4.
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Table 3: Logistic Regression Coefficients of the covariates.

Parameters in the Equation

Step  Climatic Variables B S.E. Wald df Sig. Exp(B)
I Solar radiation 0.276 0.005 2.54E+03 1.000 0.000 1.317
Constant -5.149 0.102 2.57E+03 1.000 0.000 0.006
2 Solar radiation 0.378 0.008 2.48E+03 1.000 0.000 1.459
Max. Air Temp. 0.339 0.007 2.36E+03 1.000 0.000 1.404
Constant -19.103 0.347 3.03E+03 1.000 0.000 0.000
3 Solar radiation 0.446 0.009 2.48E+03 1.000 0.000 1.562
Min. Air Temp. 0.297 0.010 873.54 1.000 0.000 1.346
Max. Air Temp. 0.386 0.008 2.29E+03 1.000 0.000 1.471
Constant -29.071 0.558 2.71E+03 1.000 0.000 0.000
4 Solar radiation 0.495 0.010 2.38E+03 1.000 0.000 1.640
Min. Air Temp. 0.314 0.011 830.153 1.000 0.000 1.369
Max. Air Temp. 0.449 0.009 2.25E+03 1.000 0.000 1.566
Wind speed 0.525 0.019 782.806 1.000 0.000 1.690
Constant -34.812 0.679 2.63E+03 1.000 0.000 0.000
5 Solar radiation 0.501 0.010 2.32E+03 1.000 0.000 1.650
Min. Air Temp. 0.319 0.011 838311 1.000 0.000 1.376
Max. Air Temp. 0.444 0.010 2.14E+03 1.000 0.000 1.558
Min. Rel. Hum. -0.027 0.002 156.563 1.000 0.000 0.974
Wind speed 0.544 0.019 809.439 1.000 0.000 1.723
Constant -33.581 0.687 2.39E+03 1.000 0.000 0.000
6 Solar radiation 0.509 0011 2.30E+03 1.000 0.000 1.663
Min. Air Temp. 0.326 0.011 852.801 1.000 0.000 1.385
Max. Air Temp. 0.446 0.010 2.12E+03 1.000 0.000 1.561
Min. Rel. Hum. -0.027 0.002 160.845 1.000 0.000 0.973
Max. Rel. Hum. 0.600 0.068 77.332 1.000 0.000 1.821
Wind speed 0.564 0.019 840.032 1.000 0.000 1.757
Constant -93916 6.932 183.533 1.000 0.000 0.000
Variable entered in step |: Solar Radiation Variable entered in step 4: Wind speed.
Variable entered in step 2: Maximum Air Temperature. Variable entered in step 5: Minimum Relative Hum.
Variable entered in step 3: Minimum Air Temperature. Variable entered in step 6: Maximum Relative Hum.
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Table 4: Chance distribution of high and low evapotranspiration for each covariates

Covariates T 1-mn Exp(B)
Solar radiation 0.624 0.376 1.663
Min. Air Temp. 0.581 0419 1.385
Max. Air Temp. 0.610 0.390 1.561
Min. Rel. Hum. 0.493 0.507 0.973
Max. Rel. Hum. 0.646 0.354 1.821
Wind speed 0.637 0.363 1.757

1 = chance of high evapotranspiration for a unit rise in the associated covariate
1 — m = chance of low evapotranspiration for a unit rise in the associated covariate
Exp(B3) = odds of high evapotranspiration keeping other covariates constant.

The increase in solar radiation, minimum and maximum air
temperature, maximum relative humidity and wind speed
tends to increase the rate of water lost to the atmosphere
through evapotranspiration except minimum relative
humidity. This information can be essential for well-
organized irrigation management, environmental
assessment, water resources management, ecosystem
modelers, and crop production in Kano. This could
possibly explain why [28], reported that the increasing
temperature in the semi-arid region of Sokoto, Katsina,
Kano, Nguru and Maiduguri may be attributed to
increasing evapotranspiration, drought and desertification.

Conclusion
Our main objective is to model the chance dynamics of
evapotranspiration using some climatic variables in Kano
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