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The present study evaluates the predictive accuracy of the feed forward backpropagation artiﬁcial neural network (BP) in evapotranspiration forecasting from temperature data basis in Dédougou region
located in western Burkina Faso, sub-Saharan Africa. BP accuracy is compared to the conventional
Blaney–Criddle (BCR) and Reference Model developed for Burkina Faso (RMBF) by referring to the
FAO56 Penman–Monteith (PM) as the standard method. Statistically, the models’ accuracies were evaluated with the goodness-of-ﬁt measures of root mean square error, mean absolute error and coeﬃcient of
determination between their estimated and PM observed values. From the statistical results, BP shows
similar contour trends to PM, and performs better than the conventional methods in reference evapotranspiration (ET ref) forecasting in the region. In poor data situation, BP based only on temperature
data is much more preferred than the other alternative methods for ET ref forecasting. Furthermore, it
is noted that the BP network computing technique accuracy improves signiﬁcantly with the addition of
wind velocity into the network input set. Therefore, in the region, wind velocity is recommended to be
incorporated into the BP model for high accuracy management purpose of irrigation water, which relies
on accurate values of ET ref.

1. Introduction
A water balance computer simulation model application for irrigation planning in Burkina Faso
required a reliable estimation of evapotranspiration to improve the water use eﬃciency. Since 2001,
Burkina Faso is promoting the irrigation development through the small scale irrigation project.
Nowadays, the small scale irrigation project in
the country has pushed eﬀective irrigation planning and management techniques to the forefront
of its forthcoming objectives. For reaching this

goal, the project has shown a real interest for
the application of water balance computer-based
simulation techniques for irrigation water management. Evapotranspiration is a principal component of ground and surface water budgets and to
properly quantify crop water needs. According to
Kant and Badarinath (1998), evapotranspiration
is a key element in the water balance studies
and crop yield modelling. However, direct estimation of evapotranspiration for the calculation
of crop water requirements is diﬃcult. Instead,
reference evapotranspiration is used for the
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estimation of evapotranspiration. Therefore, reference evapotranspiration (ET ref) is highly required
for agricultural water management due to persistence of water resources rarity and growing of
the world population. In the developing world,
particularly in African arid and semiarid regions,
shortage of water has caused food shortages and
constrained economic growth. Food shortage is a
source of political instability for the entire region
as seen from the recent food crisis demonstration in most Africans countries. Therefore, water
resources management is a key issue for enhancing agricultural productivity and hence attain food
security.
In Burkina Faso, eﬃcient water management
is central for agricultural production because the
crops are constantly under the inﬂuence of low
rainfall and high temperature. Eﬃcient water management requires an accurate ET ref value, which
can be derived from the meteorological variables.
Fisher et al. (2005) indicated that ET ref is a
major component in terrestrial water balance and
net primary productivity models, but it is diﬃcult to measure and predict. The most common
Penman–Monteith (PM) equation has been recommended by the Food and Agriculture Organization
of the United Nations as the sole universally accurate method for estimating ET ref. According to
Alexandris et al. (2006), PM is now widely used
by agronomists, irrigation engineers and other scientists in ﬁeld-practice and research. However, the
large number of weather input data required by
the PM equation is often diﬃcult and expensive to
obtain for practical applications in many countries
of the world.
Penman–Monteith equation computes ET ref
using the minimum and maximum air temperatures, relative humidity, wind velocity and sunshine
hour data. As a result, reliable ET ref estimation
from limited data is extremely needed for agricultural water eﬃcient management in Burkina Faso.
Marti et al. (2010) reported that there are only a
limited number of stations where suﬃcient reliable
climatic data are available for the application of
FAO-56 PM. Thus, the development of more eﬃcient ETo predicting tools is now of great importance, especially when only scant climatic data are
available. Traore et al. (2007) and Wang et al.
(2008) have indicated a constraint to computerize the irrigation information in Burkina Faso due
to the enormous data required by the PM equation. Irrigation data required is lacking in most of
the production sites in the country (Wang et al.
2009a, b). Hence, the conventional approaches of
Blaney–Criddle (BCR) and Reference Model for
Burkina Faso (RMBF) previously developed are
still used for ET ref estimation because of the
advantage of their simplicity requiring only air

temperature data. According to Smith et al. (1996)
and Wang et al. (2009c), although the conventional methods use few weather data, they do
not have a universal suitability. Alexandris et al.
(2006) reported that they are often unable to capture the eﬀect of some important climatic parameters, which may aﬀect ET ref. According to Meza
(2005), these methods miss the opportunity to
incorporate some weather information. The performance quality of empirical equations and their
local calibrations is to be questioned in a large variety of climatic contexts (Marti and Gasque 2010).
In past decades, scientists paid considerable
attention to another approach which is the artiﬁcial
neural network (ANN) applied in diverse ﬁelds of
hydrology engineering forecasting and modelling.
ANN is capable of modelling any arbitrarily complex nonlinear process by drawing the estimate
function directly from the training data (Kerh
et al. 2009; Wang and Traore 2009). ANN application in hydrology due to its high nonlinear functional characteristic has provided many advantages
rapidly in hydrology including rainfall-runoﬀ modelling (Firat 2008); suspended sediment forecasting (Wang et al. 2009d), crop consumptive water
requirements (Traore et al. 2010b) and evapotranspiration estimation (Kiz̧i 2006). ANN was potentially used to model ET ref as a function of climatic
variables. In the past, Sudheer et al. (2003) and
Zanetti et al. (2007) in their ET ref estimation
simpliﬁed the neural network inputs data to air
temperature, extraterrestrial solar radiation, and
daily light hour. From the study done by Khoob
(2008a), the daily light has not been considered
in the estimation of ET ref in Iran semiarid zone.
Landeras et al. (2008) have used similar dataset
without the daily light to estimate successfully the
ET ref. The above reported studies show that the
application of ANN to forecast ET ref in semiarid
climatic zone of Africa is poorly referenced in literature. However, reliable ET ref estimation from
limited climatic data is highly desired in Africa,
since it is very costly to dispose a complete set of
meteorological equipment.
Therefore, the performance of the feed forward
backpropagation neural network (BP) algorithm
ANN type is investigated in the present study for
ET ref forecasting based on temperature data. In
the study, the minimum and maximum air temperatures (◦ C), and extraterrestrial solar radiation
(mm day−1 ) were adopted as the input variables of
the neural network and ET ref as the output variable. In fact, three methods were employed including the BP, BCR, and RMBF for forecasting the
ET ref in comparison with the true PM values. For
this study, data have been collected from Dédougou
meteorological station located in western Burkina
Faso, sub-Saharan Africa.

Backpropagation neural network methodology and evapotranspiration in Dédougou
2. Material and methods
2.1 Location and meteorological information
characterization
The area investigated is in a semiarid region with
low rainfall and high temperatures and is situated in the western region of the Burkina Faso.
The country has three large climatic zones, which
are the Sudanian, Sudano–Sahelian and Sahelian
zones. Figure 1 represents the annual average of
precipitation for 12 years collected in this study.
In ﬁgure 1, the precipitation is classiﬁed into three
layers by using Geographical Information System
(GIS) interface. The data show that Dédougou
is mainly located in the Sudano–Sahelian zone
at 300 m altitude, 12◦ 47N latitude and 3◦ 48W
longitude. The decadal climatic data used for this
study were recorded at the meteorological station
of Dédougou from 1996 to 2007. The data for this
study were comprised of maximum and minimum
air temperatures (◦ C), precipitation (mm), relative
humidity (%), wind speed (km day−1 ) and sunshine duration (hours). The region has two seasons;
a rainy season (short) from May to September and
a dry season (long) from October to April. The
region has an annual average rainfall of 809 mm. In
the region, 80.5% of rainfall occurs between June
and September with a peak in August (227 mm).
The annual average air temperature ranges from
22.2◦ to 38.8◦ C and 18.3◦ to 40.3◦ C in rainy and
dry season, respectively. The sunshine average is
about 8.6 h. The mean of relative humidity are

309

33% in dry season and 69% in rainy season with
an annual average of 48%. Wind velocity recorded
at 2 m above the ground has an annual average
of 147 km day−1 . The wind speed annual averages
in rainy and dry season are 141 to 150 km day−1 ,
respectively. The entire country suﬀers from the
dry east wind called Harmattan, blowing the heat
from March to May.

2.2 Applied evapotranspiration models
The models applied to estimate the reference evapotranspiration are the FAO56 Penman–Monteith
(PM), Blaney–Criddle (BCR) and Reference
Model for Burkina Faso (RMBF) given as the
following:
• Penman–Monteith (PM) equation used in this
study is represented as (Allen et al. 1998):
900
0.408Δ(Rn − G) + γ T +273
u2 (es − ea )
,
ET ref =
Δ + γ(1 + 0.34u2 )
(1)

where ET ref is the reference evapotranspiration
(mm day−1 ); R n the net radiation at the crop surface (MJ m−2 day−1 ); G the soil heat ﬂux density
(MJ m−2 day−1 ); T the mean daily air temperature at 2 m height (◦ C); u 2 the wind speed at 2 m
height (ms−1 ); e s the saturation vapour pressure (kPa); e a the actual vapour pressure (kPa);
e s –e a the saturation vapour pressure deﬁcit (kPa);

Figure 1. Agro-climatic zone based on the annual average of 12-year rainfall data between 1996 and 2007.
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Δ the slope vapour pressure curve (kPa◦ C−1 );
and γ the psychrometric constant (kPa◦ C−1 ).
• Blaney–Criddle (BCR) equation used is expressed as the following (Doorenbos and Pruitt
1977):
ET ref = p(0.46Tmean + 8.13)

(2)

Reference Model for Burkina Faso (RMBF) was
previously proposed by Wang et al. (2007) for
ET ref estimation in Burkina Faso. RMBF was
introduced to estimate ET ref for agricultural
water management purpose in order to solve the
diﬃculty of climatic data unavailability in Burkina
Faso. The equation is expressed as the following:
ET ref =p(0.23Tmean + 4.065)
0.5

+0.0023(Tmax − Tmin )
×(0.5Tmean + 8.9)Ra ,

(3)

where in equation (2) Tmean stands for the mean
temperature (◦ C) and p stands for the mean
daily percentage of annual daytime hours according to the latitude; in equation (3) Tmax and Tmin
stand for the maximum and minimum temperatures (◦ C); Ra is the extraterrestrial radiation
(mm day−1 ).

2.3 Applied neural network algorithm
This study used the latest version of the Neuro
Solution 5.0 software presented by the Neuro
Dimension, Inc. Intelligence software solution. The
artiﬁcial neural network (ANN) algorithm selected
for this study was the feed forward backpropagation neural network (BP). The BP is a supervised
learning technique used for training the neural networks. It is a gradient descent technique to minimize the error criteria. The BP has been widely
used in approximating complicated nonlinear functions. The neural network structure in this study
possessed a three-layer learning network consisting of an input layer, a hidden layer and an output layer (ﬁgure 2). The decadal data collected in
Dédougou has 432 patterns (from January 1996
to December 2004), and it was divided in three
parts for the purpose of training (70%), crossvalidation (20%) and testing (10%). The training
data are used to train the network by minimizing the error data. The cross-validation data are
used to ﬁnd the network performance by monitoring the training and guarding against overtraining.
Then, the testing data are used for checking the
overall performance of trained and validated network. The idea of cross validation is to split the

training set into two that include train set and validation set. The early stopping procedure was used
as the criterion to ﬁnalize the training, and running times and numbers were increased to have
average weight change of initial random. So, the
cross validation is to choose in supervising the representation in which the error of the validation
set is minimum, as learning can continue until the
error of the validation set starts to increase, then
the network will stop. Since the objective was to
forecast ET ref from climatic variables, this study
has considered the variables, minimum (Tmin ) and
maximum (Tmax ) air temperatures, and extraterrestrial radiation (R a ) as inputs; and then ET ref
values as the output variables of the neural network
(ﬁgure 2).
The BP neural network algorithm during the
training process has two passes of propagation
(forward/backpropagation) for calculating all the
gradients. For the forward pass, the activation pattern of an input vector is propagated through the
network to produce an output. Each input x i is
multiplied by an adjustable constant w ij (weight)
before being fed to the i th processing element (PE)
in the output layer, yielded by the equation (4).
In this study, the network activation function was
the tan-sigmoid function bounded between [−1; 1],
and deﬁned as [f = (ex − e−x )/(ex + e−x )]. In the
forward propagation, the computation of the output is carried out layer by layer, i.e., from the input
to the output in the forward direction, and the
error between desired outputs and actual outputs
is computed.
In the backpropagation pass, the adjustment of
the interconnecting weights during the training
employs a method known as error backpropagation
in which the weight associated with each connection is adjusted. The total error at the output layer
given in equation (5) is then reduced by redistributing this error value backwards through the hidden
layers until the input layer is reached.
Forward equation (activation) yi = f (neti )

=f




wij xj + bi

(4)

j

where f (net) is the activation function; xi is the
input from i, wij is the weight of connection from
unit i to j ; b i is the bias term for each PE.
Backpropagation equation (error) ei
= −εi +



wji δj ,

(5)

j>i

where δ, the summation index enforces j > i, e and
ε are the produced and injected error. The error is
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Figure 2. Structure of a BP model typology.

propagated from the output layer to the input layer
for updating the weights of connections according
to the gradient equation given as:

ynorm =

∂E
= −ηyj δi
Δwij = −η
∂wij

(6)

wij (n + 1) = wij (n) + Δwij (n),

(7)

and

where the step size η is called the learning rate,
δi is a sum of local errors at each network output PE, scaled by the weights connecting the output PEs to the i th PE. δi computes the total
error reaching the i th 
PE from the output layer
as δi (n) = f  (neti (n)) k δk wki (n). This process
is repeated until the total error for all datasets is
suﬃciently small. Since it is very easy for training process to be trapped in a local minimum, the
momentum term to the weight change is added.
The momentum coeﬃcient (α) keeps the network
moving and stabilizes its convergence. In momentum learning, the change of weight is computed as
follows:
Δwij (n + 1) = −ηyj δi + αΔwij (n).

following equation, which was suggested by Kumar
et al. (2002):

2.5 Models’ performances evaluation
The statistical indicators employed to compare the
models’ performances are the root mean square
error (RMSE), mean absolute error (MAE) and
coeﬃcient of determination (r 2 ), and they are
expressed as the following:

2
N 

i=1 yi − yi
(10)
RMSE =
N

MAE =
⎛

It is essential to scale the data for avoiding
the problem associated with extreme values in
the network. Hence, the data employed have
been bounded between zero and 1 by using the

(9)

where ynorm is the normalized dimensionless variable; yi is the observed value of variable; then
ymin and ymax are the minimum and the maximum
values of the observed variable.

(8)

2.4 Data boundaries set

yi − ymin
ymax − ymin

r2 = ⎝

N
1 
|yi − yi |
N i=1

(11)

⎞2


(y
−
y)
(y
−
y
)
i
i
i−1
⎠ , (12)
N
N
 2
 2
(y
−
y
)
(y
−
y
)
i
i
i=1
i=1
N

where yi represents the PM observed ET ref, yi is
the alternative method’s estimated ET ref for the
i th values; y and y  represent the average values of

S Traore et al.

3. Results and discussion
3.1 Network configuration
Feed forward backpropagation neural network
(BP) was used to forecast ET ref from temperature database. Hence, the network was fed with
minimum and maximum air temperatures, and
extraterrestrial solar radiation. The determination
of the optimum processing element (PE) in the hidden layer providing the best testing results was the
initial process of the learning procedure. According
to Parasuraman et al. (2007), one of the important
issues in the development of neural networks model
is the determination of the optimal number of processing elements that can satisfactorily capture the
nonlinear relationship existing between the input
and the output variables. There are no ﬁxed rules
for developing a neural network model with predeﬁned optimum number of PE. Since no clearcut guidelines are available according to Vemuri
(1992), the trial-and-error method was decided.
The number of PE in the hidden layer was varied between 1 and 20. The optimum number in
the hidden layer was found at 9 PEs based on the
RMSE and r evaluation. Figure 3(a and b) shows
the network performances under the variation of
the processing elements. The conﬁguration of the
BP model with 9 PEs was adopted during the network learning process. This study also adopted a
single hidden layer since it is well known that one
hidden layer is enough to represent the ET ref nonlinear relationship (Zanetti et al. 2007; Traore et al.
2010a).
3.2 ET ref forecasting
Table 1 presents the statistical performances of
RMBF, BCR and BP1 based on temperatures
data. Figure 4(a and b) shows the scatter plots
between observed and estimated output during
the training and cross-validation periods of BP1
using minimum and maximum air temperatures,
and extraterrestrial solar radiation data. It is
noted that the estimated outputs by the BP1
model ﬁt well with the observed values. During
the testing period, the statistical evaluation results
obtained with BP1 based only on temperature data
are 0.912, 0.476 mm day−1 and 0.411 mm day−1

a
RMSE (mm day-1)

the corresponding variable; and N represents the
number of data considered. Additionally, a linear
regression y = α1 x + α0 is applied for evaluating the models’ performance statistically, where y
is the dependent variable (alternative methods); x
the independent variable (PM); α1 the slope and
α0 the intercept.
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Figure 3. Neural network accuracy for diﬀerent number of
processing elements in ET ref forecasting during the testing
period in Dédougou region: RMSE (a) and r (b).

for r 2 , RMSE and MAE, respectively. While the
results with BCR are 0.668, 0.725 mm day−1 ,
and 0.509 mm day−1 for r 2 , RMSE and MAE,
respectively. RMBF produces the poorest performance results with 0.665, 0.800 mm day−1 and
0.591 mm day−1 for the r 2 , RMSE and MAE,
respectively. The BP1 neural network produces the
best result based on the r 2 , RMSE and MAE.
Based upon these performances, it was observed
that there is a diﬀerence in ranking the models with BP1 temperature-based at the top, followed by BCR and RMBF. The deviation between
BP1 and PM estimates ET ref values are less than
1 mm day−1 . Figure 5 shows the models’ estimated
ET ref gridding map generated over the minimum
and maximum air temperatures during the testing
period. From ﬁgure 5, BP1 produced the closest
ET ref contour trends to PM. Meanwhile, RMBF
and BCR showed completely diﬀerent trends to
PM due to their poor performances in estimating
ET ref in the region. These two models towards
the period considered overestimated and underestimated ET ref to some extent in the region,
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Table 1. Statistical summary of the models performances during the testing period estimation in the study area.
Model

Input variable

α1

α0

r2

RMSE
(mm day−1 )

MAE
(mm day−1 )

RMBF
BCR
BP1

T max , T min , T mean , R a , p
T mean , p
T max , T min , R a

0.530
0.616
0.911

2.652
2.380
0.862

0.665
0.668
0.912

0.800
0.725
0.476

0.591
0.509
0.411

a

b

10

10
9

y=0.9587x+0.2247
r2=0.968

8
7

Estimated Output (mm day-1)

-1

Estimated Ouput (mm day )

9

6
5
4

3
2

7
6
5

4
3
2

1

1

0

0

0

1
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y=1.0388x-0.1359
r2=0.954
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Figure 4. Scatter plots comparison between observed and estimated output during the BP1 training (a) and cross-validation
(b) periods in Dédougou region.

which probably explain their inconsistency contour
trends observed from the maps. The performance
statistics from table 1 also showed obviously that
BP1 has a slope close to 1 with the lowest intercept value when compared to RMBF and BCR.
The conventional models show clearly poor performance results in comparison with BP1. In the past,
Khoob (2008a, b) achieved remarkable studies in
ET ref estimation by using similar input datasets
with the BP neural network.
From plotting analysis, the ET ref comparison
results between conventional models and PM taken
as reference values showed an underestimation and
overestimation between December and July, and
between September and November, respectively.
Noted that the underestimation occurred in dry
season (high wind speed period) while the overestimation occurred in rainy season (moderate wind
speed). In general, the conventional methods due
to their models’ simplicity are unable to capture
the eﬀect of some important climatic parameters,
which aﬀect ET ref. The behaviour of these conventional models could be explained by the inﬂuence of other parameters such as wind, which
is not considered into the model. The weather
conditions of the study area characterized by a
low rainfall, high temperature variation and high
wind speed might aﬀect the accuracy of ET ref

estimation from temperature database. For BCR,
similar over or underpredicted results of ET ref
in the semiarid environment have been revealed
in George et al. (2002), Hossein et al. (2004) and
Traore et al. (2008) studies. According to Mohan
(1991), the low performance of BCR in semiarid climates is evidently due to the lowest degrees of correlation between temperature variables and ET ref.
The performance of the conventional methods
strongly dependent of climatic condition. George
et al. (2002) indicated that, the accuracy of these
methods varies with climatic conditions. This is
also true for RMBF since its input structure is
based on temperature data only. There is therefore
a consensus that, the performances of most alternative methods have been found to vary from one
climate to another (Nandagiri and Kovoor 2006).
Since the BP1 showed high performance compared
to the conventional temperature-based methods of
BCR and RMBF, this algorithm can be considered as a potential alternative approach for forecasting the ET ref in the semiarid zone of Africa.
The accuracy of the BP1 might be improved by
considering wind speed, which has been identiﬁed
by Wang et al. (2007) as a serious variable aﬀecting
signiﬁcantly the ET ref in northern Burkina Faso.
In order to understand the inﬂuence of wind on
ET ref in this semiarid environment, the sensitivity
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Figure 5. Models estimated ET ref contours grid map over the air temperature data in Dédougou region.

analysis was carried out by considering wind speed
as an additional input variable of the neural
network.
3.3 Network accuracy increment
Figure 6 shows the typical climatic characterization
of the study area. In general, the spatial distribution map from the meteorological data showed signiﬁcant change between the northern and western
south regions of the country (ﬁgure 6). The region
receives less than 1000 mm of annual rainfall, and
ﬁgure 6(a and b) shows that both precipitation
and relative humidity values are not signiﬁcantly
high. Meanwhile, air temperature values in the
region are among the highest in the country except
in the northern regions (ﬁgure 6c and d). Under
the consideration of the sensitivity study, additional meteorological variables have been considered in the neural network input datasets for
estimating the ET ref. Table 2 summarizes the
models’ statistical performances with the additional
variables during the testing period estimation. By

inserting both relative humidity and sunshine into
the network models input set (BP3 and BP4),
the models’ performances are reduced. Despite the
high value of sunshine duration in the region of
Dédougou (ﬁgure 6e), it does not improve the
network performance. However, wind speed alone
(BP2) provided high accuracy value as shown in
ﬁgure 7 with BP2. The darker shades in ﬁgure 7
are for lower ET ref values. The performances with
relative humidity and sunshine are not as good
as with wind velocity. It is also clearly observed
from ﬁgure 6(f) that wind speed spatial distribution map around the country has a strong eﬀect
illustrated by the blue colour where the meteorological station is located. Indeed, ﬁgure 6(f)
highlights in Burkina Faso interesting wind tunnel phenomenon materializing in blue, yellow and
green colours. Obviously, this typical climatic condition strongly recommends disposing more than
one meteorological station in the southern part of
Dédougou region. Therefore, care must be taken
with the wind velocity since it has strong eﬀect on
ET ref.

Backpropagation neural network methodology and evapotranspiration in Dédougou
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Relative Humidity (%)
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Value
High : 1117.110840

High : 61.782299

Low : 465.393250

Low : 41.468418

c

d
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Legend
Maximum Temp (oC)

Minimum Temp (oC)
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Value
High : 37.667221

High : 23.148060

Low : 33.697124

Low : 21.242792
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Wind Velocity (Km/day)
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Value
High : 8.821586

High : 215.920685

Low : 7.429173

Low : 56.621376

Figure 6. Climatic parameters distribution map across the country between 1996 and 2007: (a) rainfall; (b) relative
humidity; (c) minimum temperature; (d) maximum temperature; (e) sunshine duration; and (f ) wind velocity.

For this windy region as given in table 2, BP2
accuracy improves signiﬁcantly with the addition
of wind speed into the network and the r 2 , RMSE
and MAE obtained are 0.965, 0.255 mm day−1
and 0.176 mm day−1 , respectively. The wind
speed increases signiﬁcantly the coeﬃcient of

determination (r 2 ) of the network from 0.912 to
0.965. Furthermore, the wind changes drastically
the r 2 with 5.81% increase, and reduces signiﬁcantly the RMSE and MAE. These good results are
evidenced by BP5 model in ﬁgure 7 showing similar trends with PM. These results tell us the high
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Table 2. Models statistical performances during the testing period with the addition of the wind, sunshine and relative
humidity variables for the sensitivity study.
Model

Input variable
T max ,
T max ,
T max ,
T max ,

BP2
BP3
BP4
BP5

T min ,
T min ,
T min ,
T min ,

Ra,
Ra,
Ra,
Ra,

wind
Rh
Rh, Sun
Rh, Sun, wind

α1

α0

r2

RMSE
(mm day−1 )

MAE
(mm day−1 )

0.973
0.913
0.904
1.009

0.181
0.378
0.408
−0.072

0.965
0.886
0.867
0.980

0.255
0.526
0.552
0.215

0.176
0.423
0.451
0.126

BP3 ET_ref

BP2 ET_ref
42

42

40

40

38

38

36

36

34

34

32

32
16

18

20

22

24

26

16

28

42

40

40

38

38

36

36

34

34

32

32
18

20

22

20

22

24

26

28

BP5 ET_ref

BP4 ET_ref
42

16

18

20

22

24

26

28

16

18

24

26

28

Figure 7. BP estimated ET ref comparative gridding map during the testing period when wind velocity, relative humidity
and sunshine variables are incorporated into the neural network input set.

sensitivity of ET ref for the wind speed under the
Dédougou weather condition. ET ref is sensitive
to wind (Fisher et al. 2005) and its performance
may be inﬂuenced (Xiaoying and Erda 2005). Hess
(1999) found a positive correlation between ET ref
and wind speed in the East Arid Zone of Nigeria

in Africa. It is well documented at least by
Allen et al. (1998) and Temesgen et al. (1999)
that, the climatic parameter such as wind velocity simultaneously results by deteriorating ET ref
from temperature-based methods. Kiz̧i and Ozturk
(2007) by using the ANN found that the wind

Backpropagation neural network methodology and evapotranspiration in Dédougou
speed is the most eﬀective variable in estimating ET ref with the temperature-based method.
According to Popova et al. (2006), the impact
of wind speed on the ET ref results is relatively
smaller except for arid windy areas.
The deviation between both BP wind models
and PM estimates ET ref values have lowest value
at −0.189 mm day−1 . This indicates that the BP
wind models produce very close values to PM with
small errors margin. In addition, the slopes of
the linear regression equations are close to 1 and
the intercepts decrease signiﬁcantly. Wind speed is
extremely required to be in the model for the neural network accuracy improvement in this African
semiarid zone. When wind data is not available,
ET ref can still be better estimated with the BP1
than BCR and RMBF by using air temperature
and extraterrestrial radiation data.
4. Conclusions
The PM is a universal physical-based model requiring enormous climatic data, which are missing
in developing countries particularly in African
semiarid zones. Therefore, this study adopted an
approach using few input variables since the complete meteorological data are not always available in the production areas in Burkina Faso. The
accurate estimation of evapotranspiration is crucial for an eﬃcient agriculture water management
in the area where there is water resources rarity
problem. The results from the statistical evaluation indicated that BP performs better than BCR
and RMBF conventional methods. In poor data
situation, BP based only on temperature data is
much more preferred in ET ref forecasting than
the conventional methods employed in this semiarid zone studied here. In addition, it has been
observed that the accuracy of the BP improves
signiﬁcantly when wind speed is inserted into the
neural network model. For high eﬃcient management of agricultural water, which involves accurate ET ref, wind speed is an essential variable and
highly recommended to be taken into account in
the model for this semiarid zone of Africa. The current developed model can, therefore, be suggested
to estimate ET ref for Dédougou region in Burkina Faso. It is possible to forecast ET ref in Burkina Faso through backpropagation neural network
methodology using only air temperature data.
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