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Abstract

Aim of study: Leaf area (LA) is an important variable for many stages of plant growth and development such as light interception,
water and nutrient use, photosynthetic efficiency, respiration, and yield potential. This study aimed to determine the easiest, most
accurate and most reliable LA estimation model for the pear using linear measurements of leaf geometry and comparing their

performance with artificial neural networks (ANN).
Area of study: Samsun, Turkey.

Material and methods: Different numbers of leaves were collected from 12 pear cultivars to measure leaf length (L), and width (W)
as well as LA. The multiple linear regression (MLR) was used to predict the LA by using L and W. Different ANN models comprising

different number of neuron were trained and used to predict LA.

Main results: The general linear regression LA estimation model was found to be LA =-0.433 + 0.715LW (R?=0.987). In each pear
cultivar, ANN models were found to be more accurate in terms of both the training and testing phase than MLR models.

Research highlights: In the prediction of LA for different pear cultivars, ANN can thus be used in addition to MLR, as effective tools
to circumvent difficulties met in the direct measurement of LA in the laboratory.

Additional keywords: Pyrus communis L.; artificial neural networks; multiple linear regressions; model estimation.
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Introduction

The common pear (Pyrus communis L.) comes from
the second largest temperate fruit tree globally and is
cultivated worldwide. Overall, world pear produc-
tion reached 24,168,309 tonnes in 2017, with Turkey
producing 503,004 tonnes and thus ranking fifth place
in pear production in the world that year (FAO, 2019).
According to the FAO report on the state of world’s
plant genetic resources for food and agriculture at least
1,140 pear accessions are present in world-wide ex-
situ collections (Federico et al., 2008) and more than
600 cultivars have been reported in Turkey (Ozbek,
1978).

Leaf area (LA) is commonly evaluated in fruit
physiology experiments. The determination of LA
is an important criterion in understanding respira-
tion, transpiration, evapotranspiration, photosynthesis,
light interception, water and nutrient use, fertilization,
irrigation, plant growth, flowering, fruit set, yield,
and fruit quality (Smith & Kliewer, 1984; Smart,
1985). The LA prediction models provide many
benefits to researchers in horticultural experiments.
Morcover, these models allow researchers to measure
LA on the same plants during the plant growth
period and may reduce variability in experiments
(Gamiely et al, 1991; NeSmith, 1992; Demirsoy,
2009).
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The LA can be determined by both direct and indi-
rect methods. The direct methods, called destructive
methods, require destroying all the leaves in the plant
canopy; therefore, it is not possible to take successive
measurements from the same leaf (Fallovo et al., 2008;
Spann & Heerema, 2010). Direct methods are generally
simple and accurate although the measurements in-
volved can be laborious and time-consuming making
it difficult to get a representative spatial sample and
making large-scale implementation only marginally
feasible (Rouphael et al., 2006). Recently, new ins-
truments, tools and machines such as hand-scanners
and laser-optic devices have been developed for some
LA measurements. However, these are too expensive
and complex for basic and simple studies. In contrast,
indirect methods, called non-destructive methods, are
simple, rapid, inexpensive, and save labour relative to
the direct measurements, and they can provide precise
LA estimates without damaging the plant (Robbins &
Pharr, 1987; Ahmadian-Moghadam, 2012).

Indirect methods are particularly useful if the em-
pirical relations between LA and one or more dimensions
of the leaf lamina need to be explained (Vazquez-Cruz
et al., 2012). The indirect method used most frequent-
ly necessitates estimating the LA with mathematical
equations that involve linear measurements, including
leaf length (L) and leaf width (W), or different
combinations of these variables (Rouphael et al.,
2010; Giuffrida et al., 2011; Walia & Kumar, 2017,
Teobaldelli et al, 2019). Numerous studies have
been conducted with linear leaf measurements that
have strong associations with LA in some fruit trees,
such as banana (Potdar & Pawar, 1991), rabbiteye
blueberry (NeSmith, 1991), white mulberry (Satpathy
et al., 1992), pecan (Sparks, 1996), blackberry (Uzun
& Celik, 1999), peach (Demirsoy et al., 2004), sweet
cherry (Demirsoy & Demirsoy, 2003; Cittadini & Peri,
2006), strawberry (Demirsoy et al., 2005), chestnut
(Serdar & Demirsoy, 2006), kiwifruit (Mendoza-de
Gyves et al., 2007; Zenginbal et al., 2007), hazelnut
(Cristofori et al., 2007), medlar (Mendoza-de Gyves et
al., 2008), persimmon (Cristofori et al., 2008), coffee
(Antunes et al., 2008), vineyard (Tsialtas ef al., 2008;
Sanchez-de Miguel et al., 2011), citrus (Mazzini et al.,
2010), apple (Kishore et al., 2012; Sala et al., 2015),
walnut (Keramatlou et al., 2015), apricot (Cirillo et al.,
2017), cacao (Suarez Salazar et al., 2018), or loquat
(Teobaldelli et al., 2019).

In recent years, a number of artificial neural network
(ANN) studies have been performed in agricultural
fields and successful results have been achieved. Yuan
et al. (2017) evaluated the performance of random
forest (RF), ANN, and support vector machine (SVM)
regression models comparing them with a partial least-
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squares regression (PLS) model for heterogeneous
soybean crops. The results showed that the ANN
model could be used for estimating leaf area index
(LAI). Kumar et al. (2017) developed an ANN model
including L and W as inputs and compared them with
regression models. They found that the ANN model is
more accurate than the regression model. Kii¢iikon-
der et al. (2016) used ANN and regression analysis
techniques for developing the best LA estimation
model and concluded that the ANN approach can be
used as an alternative method in estimating the LA.
Shabani et al. (2017) used ANN in order to estimate
the LA of different plants and stated that ANN provides
a good estimation of LA. However, they emphasized
that ANN is applicable for all plant species, but it is
necessary to establish specific equations for each plant
in the application of other models.

Though, in the literature, plenty of different equa-
tions have been derived for various plants and cultivars,
the coefficients, as well as the kinds of equations, are
plant specific (Kumar & Sharma, 2013). Although
some studies including pear cultivars (Pyrus pyrifolia
cv. ‘Nijiseiki’) were made to determine the LA in
the shoots and spurs (Kumar et al., 1977; Spann &
Heerema, 2010), there have been no attempts to develop
a non-destructive LA prediction model and ANN for
only the pear. In the previous studies, other fruit species
and pears were examined together. The development of
the individual LA model for a single species is more
important in terms of developing a basic and correct
equation for the individual LA. Thus, this study aims
to address this inadequacy by incorporating the ANN
and comparing their performance for the pear by linear
measurements of leaf geometry with multiple linear
regressions (MLR) in pear.

Material and methods

The study was carried out on 12 pear cultivars in
Samsun in Turkey from 2014 to 2015 to improve a leaf
area prediction model and ANNs model. The examined
pear cultivars were grafted on 'BA 29" quince rootstock.
To develop the LA prediction model and validation,
these 12 pear cultivars, which are commonly grown
and economically important, with different numbers
of leaves were selected (Table 1). The full expanded
different sized leaf samples were randomly taken from
the tree canopy in the actively growing season in one-
month intervals (three months; June, July, August)
during two investigation years, i.e. a total of 2975
leaves.

Initially, each leaf was taken and placed on an A4
sheet and copied (at a 1:1 ratio) with a photocopier.
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Table 1. Descriptive statistics for pear cultivars used in this study.

Training Testing
Cultivars Length Width Leaf area Length Width Leaf area
(cm) (cm) (cm?) (cm) (cm) (em?)

All cultivars 2975 6.669 +1.385 3.741+£1.109 18.240+£8.918 1262 6.932+1.240 3.892+0.893 19.221 +7.164
Abate Fetel 173 6.109+0.882 3.265+0.841 13.503+5412 74 6.738 £0.827 3.828 £0.780 17.208 +£5.313
Akga 55  7.421+0.636 5.118+0.533  28.751 +5.400 22 7.345+£0.686 5.023£0.581 27.950+5.663
Carmen 317 6.425+£0942 3.420+0.619 16.010+4.859 135 6.635+0.993 3.552+0.552 17.019+4.979
Decana 248 5990+ 0.780 3.713+0.663 16.050+4.361 105 6.387+0.802 3.777+0.602 17.422+4.279
Deveci 811 6.421+£1.507 3.172+1.280 15.014+10.157 346 7.101 £1.220 3.472+0.781 17.170£5.902
Etrusca 88  6.545+0.740 3.535+£0.484 16.242 +3.960 37  6.516+0.822 3.508£0.571 16.081 £4.832
Kaiser 45  7.589+0913 4.944+0.873 27.193 £7.526 18  7.217+1.008 4.717+1.115 24.917+9.079
Alexander

Limon 67 8.855+1.271 5.140+0.652 31.685+7.293 28 8.882+1.164 5.139+0.527 31.611 £5.451
Kieffer 144 7.835+1.100 4.712+0.729 25.681 +7.291 60 8.038+1.138 4.822+£0.768 27.015+7.474
Samsun Giizeli 83  6.330+£0.963 3.801 £0.559 17.240 +4.865 35  6.140+0.891 3.743+£0.534 16.549+4.416
Santa Maria 376  7.607+1.119 4.703+0.937 25.553+8.650 160 7.404+1.072 4.562+0.930 23.813+8.019
Williams 568 6.375+1.423 3.636+£0.746 16.903+6.270 242 6.462+1.338 3.849+0.772 18.024 +6.365

A placom digital planimeter (Sokkisha Planimeter
Inc., Model KP-90) was used to measure the actual
leaf area of the copy. The leaf width (W) and length
(L) of the leaf samples were also measured for model
construction. W (cm) was measured from tip to tip at
the widest part of the lamina and L (cm) was measured
from the lamina tip to the point of petiole intersection
along the midrib (Fig. 1). All values were recorded to
the nearest 0.1 cm.

Model construction for multiple linear regressions
(MLR)

The most common method used in the estimation of
LA is to employ MLR. To determine the model, MLR

analysis using the stepwise method was employed.
MLR analysis of the observed data was performed
from 12 pear cultivars. For this reason, analysis was
conducted with various subsets of the independent
variables, namely, L, L%, L?, W, W% W2 LW, L?
W2, (L+W) and (L+W)? to develop the best model
for predicting LA by using the Microsoft Office 2015
Excel package program. The MLR analysis was
carried out until the deviation sum of squares was
minimized.

When two or more variables (i.e. L and W) in the
model are correlated, the problem of collinearity
may occur. The collinearity provides redundant
information about the response. In order to detect
collinearity, variance inflation factors (VIF) for each

Figure 1. Pear leaf showing the position of length (L) and width (W).
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predictor were calculated (Mansfield & Helms, 1982).
The VIF was calculated as, Vle = 1/(1—R2j) where sz
is the coefficient of determination of the model that
includes all predictors except the j® predictor. If VIF
values are less than 10, then there is no problem with
collinearity.

Artificial neural networks (ANN)

The multilayer perception (MLP) is the most broadly
used model of neural networks (Fig. 2). The MLP
comprises a set of simple interconnected units (neurons
or nodes). The nodes are linked by weights and output
signals which are a function of the sum of the inputs
to the node modified by a simple nonlinear transfer, or
activation, function (Haykin, 1994; Gardner & Dorling,
1998).

For processing ANN, the MATLAB (R2010b) soft-
ware program was used. Levenberg Marquadt (LM)
back propagation was employed to train the network
as a learning algorithm. This algorithm was selected
because it is a more effective and easy to learn model for
complex networks than the standard back propagation
(Sapna et al., 2012). The ANN structure used in this
study contains only one hidden layer, because many
theoretical and experimental results confirm that one
hidden layer can be enough for forecasting problems
(Cybenko, 1989; Hornik et al., 1989). Neurons in the
input layer had no transfer function, while for hidden
and output nodes there were tangent sigmoid (tansig)
and linear transfer functions (purelin), respectively. The
number of neurons in the hidden layer changed from 3
and 5 to 7 to achieve the optimal training network. To
determine the final network architecture with the most

Input to
Hidden layer

Leaf
width (W)

Leaf
length (L)

..........

Input Layer

& L6

ideal neuron numbers, a trial-and-error procedure was
undertaken, starting from 20 iteration steps to 100 steps
in increases of 10 steps.

Data pre-processing

Data was divided into 70% for training and 30%
for testing both MLR and ANN. For purposes of
bringing all the data, that is, input and output data into
a comparable range the training and testing data was
standardized to fall in a range between 0 and 1 as given
in formula (1) below,

— Xi -Xmin

, = 1
Xmax-Xmin ( )

where X is the standardized value; X is the observed
value; X . and X are the minimum and maximum
values of the training and testing data, respec-
tively.

Standardization has the advantage of eliminating
the effect of absolute magnitude values which neural
networks are sensitive to. The performances of different
models were evaluated by using the determination
coefficient (R?), mean square error (MSE), mean
absolute deviation (MAD) and mean absolute per-
centage error (MAPE).

> (LA, — LAnea (LA, ~ LAcx)
R =—- — — (2)
> (LA4,,, —LAnea) D (LA, —LAe)’
i=1 i=1

S (14, - L4, )’

MSE=2 3)
n

Hidden layer to
Output

Output Layer

Hidden Layer

Figure 2. Architecture of the multilayer perception (MLP) applied to estimate the leaf area (LA).
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z |LAmea - LAe.w
MAD = i=1 (4)
n
LA, — LA,
= 14, ©)
MAPE = ma1x100
n

where L4 is the measured LA value; L4, is the
estimated LA value; LA and LA, represent the
average values of measured and estimated LA, res-
pectively; and n is the number of data considered.

Higher values of R? and lower values of MSE,
and MAD indicate a better forecast accurateness by
the model. The R? measures the extent of the linear
association of two variables and values range from 0 to
1. A value of 1 indicates a perfect agreement between
the measured and predicted values and a value of
0 indicates no agreement which shows poor model
performance. If MAPE values are less than 10%, the
model is considered to have a high degree of accuracy
(Lewis, 1982).

Results

MLR model

Collinearity between L and W was evaluated before
the developed LA model in different pear varieties.
As the VIF values were less than 10, there was no
collinearity between L and W. Thus, these variables can
be taken in the LA models. The best models of MLR for
different pear cultivars are presented in Table 2. As seen
in Table 2, both L and W variables are compulsory to
estimate pear LA. Results showed that all MLR models
provide a high degree of correlations between LA and
L-W. The R? values were between 0.932 and 0.992,
MAPE values were between 3.043% and 9.235%,
MSE values were between 0.781 and 4.151, and MAD
between 0.641 and 1.666 in all MLR models. Among
these MLR models, the model for the 'Deveci’ pear
cultivar [LA = -0.837 + 0.722LW] was the best model
based on the selection criteria (higher R?, and lowest

Table 2. Estimation performance of multiple linear regression (MLR) both training and testing phase.

Fitted coefficient

Training Testing

Model and constant
Cultivars
form a b MAPE MSE MAD R MAPE MSE MAD R
(%)  (em’)  (em?) (%)  (em?)  (em?)

All cultivars LA=a+ -0.433  0.715  4.640 1.063  0.787 0987  4.446 1.128  0.815  0.979
bLW (0.044) (0.001)

Abate Fetel LA=a+ -1.636  0.167  7.150 1.229  0.883  0.958  5.924 1.490 0975 0.949
b(L+W)? (0.257)  (0.003)

Akga LA=a+ 13.880  0.010  3.043 1.044  0.859 0964  3.190 1.348  0.827  0.970
bL>W? (0.418) (0.001)

Carmen LA=a+ -15489 3200 6.508 1.321 0.897 0.944  5.258 1.181 0.862  0.954
b(L+W) (0.437) (0.044)

Decana LA=a+ 8.062 0.015 5.447 1.071 0.796  0.944 4391 0.966  0.751 0.948
bL>W? (0.141) (0.001)

Deveci LA=a+ -0.837  0.722  4.831 0.781 0.641 0.992 4397 0.788  0.677  0.983
bLW (0.058) (0.002)

Etrusca LA=a+ 8.200 0.014 4957 0.893  0.751 0.943 6.133  2.072  0.840  0.932
bL>W? (0.236) (0.001)

Kaiser LA=a+ 13.427  0.009 5.617  3.289 1422 0942 9235 4.151 1.623 0.961
Alexander bL*W? (0.590) (0.001)

Limon LA=a+ 15.641  0.007 3933 2303 1.666  0.957 3.763  2.184 1.169  0.935
bL>W? (0.463) (0.001)

Kieffer LA=a+ 13.341  0.008 4910 1.951 1.121 0.963  4.755  2.088 1.137  0.965
bL2W? (0.234)  (0.001)

Samsun LA=a+ 8.384 0.014  6.288 1.351 0.954  0.943 6.359 1.178  0.862  0.945
Glizeli bL?W? (0.274)  (0.001)

Santa Maria LA=a+ -1.233  0.734  3.793 1.320 0922 0982  3.853 1.142  0.854  0.983
bLW (0.195) (0.005)

Williams LA=a+ 0.654 0.156  6.549 1.929 1.063  0.951 6.948  2.443 1.228  0.941
b(L+W)? (0.166)  (0.002)

MAD: mean absolute deviation. MAPE: mean absolute percentage error. MSE: mean square error. R?: determination coefficient.
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MAPE, MSE and MAD). Also, the general formula
is obtained by using all pear cultivars [LA = -0.433 +
0.715LW]. Scatter plots for both training and testing for
all pear cultivars and the 'Deveci’ pear cultivar in the
MLR model are shown in Fig. 3.

ANN model

The second approach to estimate LA is the ANN
method. The best models of training and testing for
ANN are presented in Table 3. According to the
findings, MLP (2,3,1, LM) gives the best results for
‘Deveci’, with MAPE values of 4.293 and 3.426, MSE
values of 0.524 and 0.530, MAD values of 0.539 and
0.500, and R? values of 0.995 and 0.986 for training and
testing, respectively. This result means that the ANN
model was able to explain 99.50% of variability in LA
in training data, and 98.60% of variability in testing
data, when L and W were used as input data. Results
for the training and testing phase of all pear cultivars

50
R2=0.992 Devect (MLR-Training) .
MSE =0.781 u

o~ 40 {MAD = 0.641
g
= n
<
2 30 1 N
S
Gy
=
2
=
8 20 A
5]
g
8
A7
= 10

0 -

0 10 20 30 40 50
50
All Cultivars (MLR-Training) L]
R*=0.987 un
&4 1 MSE=1.063
g MAD =0.787
@
= 30 1 u
Gy
=
2
=
220 4
=
g
8
A7
= 10 4
0 v T T -
0 10 20 30 40 50

Measured leaf area (cm?)

and the 'Deveci’ cultivar are also graphically given in
Fig. 4. As can be seen in Table 3, 'Ak¢a’ also gives the
worst estimate with the highest MSE and MAE. The
weight and bias values used in the formulation of MLP
(2,3,1, LM) are given in Tables 4 and 5.

Discussion

Leaf area is associated with many agronomical
and physiological processes, including photosynthesis,
respiration, transpiration, canopy light interception,
irrigation, fertilization, pruning, fruit thinning and
water use efficiency. As there is an integral relation-
ship between leaves and many of these physiological
processes, it is often necessary to estimate LA non-
destructively in order not to disturb the system, or to
allow for multiple measurements to be made. Because
of the integral relationships between green leaves and
the physiological processes detailed above, the excision

50
R = 0.983 Deveci (MLR-Testing)

MSE =0.788

404 MAD =0.677
]
30 1
20 1
10 1
0 .
0 10 20 30 40 50
50
All Cultivars (MLR-Testing) )
R2=0.979 .

401 MSE=1.128

MAD =0.815
30 A
20 A
10 4

0 v . . .
0 10 20 30 40 50

Measured leaf area (cm?)

Figure 3. The relationship between measured and estimated leaf area (LA) for multiple linear regression
(MLR) model. MAD: mean absolute deviation. MSE: mean square error. R*: determination coefficient.
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Table 3. Estimation performance of ANN both training and testing phase.

Training Testing
Cultivars MAPE MSE MAD gt MAPE  MSE  MAD R?
(%) (em?)  (em?) (%)  (em?)  (em?)
All cultivars 4031 0731 0655 0991 3723  0.793  0.669  0.985
Abate Fetel 6.730 1235 0.886 0979 5874 1250  0.950  0.983
Akga 4223 1.853  1.229 0988 4181 1220  1.929  0.991
Carmen 4824 0866 0755 0977 4191 0719  0.823  0.979
Decana 3328 0453 0514 0977  3.093 0532 0.500  0.978
Deveci 4293  0.524 0539 0995 3426 0530 0.500  0.986
Etrusca 3.026 0363 0478 0979  2.658 0419 0294  0.989
Kaiser Alexander 2226 0.613  0.597 0989 2729  0.621  0.701  0.993
Limon 1.693 0446 0521 0992  1.840 0539 0427  0.986
Kieffer 3.995  1.490  1.001 0978  3.741 1009 1591  0.976
Samsun Giizeli 3.510 0537 0.586 0980  3.027 0473 0343  0.985
Santa Maria 3.181 0905 0744 0989  3.834 0815 1.091  0.987
Williams 3914  0.633  0.615 098 3535 0593  0.633  0.985

MAD: mean absolute deviation. MAPE: mean absolute percentage error. MSE: mean square error.
R* determination coefficient.

50 50
R?= 0.995 Deveci (ANN-Training) 2 R = 0.986 Devect (ANN-Testing)
MSE =0.524 MSE = 0.530
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Figure 4. The relationship between measured and estimated leaf area (LA) for artificial neural networks
(ANN) model. MAD: mean absolute deviation. MSE: mean square error. R*: determination coefficient.
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Table 4. The weight values between the input layer and
the hidden layer.

Number of neurons in the hidden layer (i)

Weights 1 2 3

W, -0.723 0.004 9.883
W, -3.832 0.110 -2.503
Biasl -35.733 92.017 17.104

of leaves from the plants is necessary. Furthermore, it
is not possible to make successive measurements of
the same leaf, and the plant canopy would be damaged
and cause problems in other measurements (Tsialtas &
Maslaris, 2005). This is why several combinations of
measurements and models relating L and W to LA have
been developed for several fruit trees; however, until
now, no models have been developed for pears.

In this study, we developed a simple, easy and
reliable LA prediction model for pear cultivars using
MLR. There were no significant differences between
the predicted and actual LA in any of the pear cultivars.
For this reason, the model can be reliably used in pear
physiological studies and research aiming to develop
more productive and efficient pruning and training
methods. In the previous studies, Kumar et al. (1977)
and Spann & Heerema (2010) have developed a LA
prediction model in some fruit species including pears.

Kumar et al. (1977) determined that the K factor in
the pear was between 0.706 and 0.756 and showed that
the formula can be used reliably. Spann & Heerema
(2010), who tried to develop a LA prediction model in
order to determine the total LA on a shoot for some fruit
species, determined the R? of the developed model for
the 'Nijiseiki' pear cultivar as 0.93. In our study, the
confidence coefficient of the LA model was determined
for both cultivars and in general was determined to be
more reliable than in the previous studies. In addition,
the size of the leaves on the plant may vary depending
on the position of the leaf on the shoot or spur. Since
the leaves on the spurs show a close spacing form,
the necessity of determining their area individually is
emphasized (Heerema et al., 2008). The estimation
model we obtained in this study was more effective
than the previous studies on pears in predicting the area
of the leaves from all different parts of the plant, and
the study only included pears. In addition, validation
of the models identified in this study was performed.
Validation of the generated LA estimation models
is very important for the reliability of the model
(Demirsoy & Lang, 2010).

Confidence in the precision of these models would
provide researchers with a reasonably fast and inex-
pensive method to use in studies on plant physiology
such as respiration, transpiration and photosynthesis
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without destructive leaf harvesting in different plant
species such as sweet cherry (Demirsoy & Demirsoy,
2003), grape (Williams & Martinson, 2003; Tsialtas et
al., 2008), peach (Demirsoy et al., 2004), strawberry
(Mandal et al., 2002; Demirsoy et al., 2005), chestnut
(Serdar & Demirsoy, 2006), hazelnut (Cristofori et al.,
2007), kiwi (Mendoza-de Gyves et al., 2007; Zenginbal
et al., 2007), medlar (Mendoza-de Gyves et al., 2008),
persimmon (Cristofori et al., 2008), pecan (Torri et
al., 2009), citrus (Mazzini et al., 2010), pomegranate
(Meshram et al., 2012), walnut (Keramatlou et al.,
2015), and apricot (Cirillo et al., 2017).

ANN applies for many objectives in agricultural
research such as: crop yield and fruit weight prediction,
evapotranspiration prediction, soil parameter estima-
tion, water demand forecasting and hydrological fore-
casting (Shabani et al., 2017). Therefore, ANNs are
becoming a popular tool for modelling complex input-
output dependencies (Maren et al., 1990). Different
researchers have shown that ANN models often give
better results than traditional methods (Moosavi &
Sepaskha, 2012). This ability of ANN models depends
on modelling complexity and nonlinearity that is over-
looked by traditional statistical regression models and
is due to the architecture of an ANN, which allows
highly correlated inputs to be used to enhance the
ANN’s modelling capability. Thus, ANN models are
becoming a widespread prediction method because
some statistical assumptions that are significant for
forecasting regression models are now unnecessary
(Ercanli et al., 2018).

Also, in addition to MLR, we developed ANN
models to estimate LA. When comparing the results
of two methods, ANN models were better than MLR
with L, W inputs for LA estimation considering MSE,
MAD, MAPE and R? criteria for both the training and
testing phases (Tables 2 and 3). As the ANN models
use non-linear relations with input and output data,
we were able to estimate LA with a high degree of
accuracy as compared to the MLR. In the prediction of
LA for different pear cultivars, ANNs can thus be used
in addition to MLR, as an effective tool to circumvent
difficulties in the direct measurement of LA in the
laboratory. Similar results were obtained by Ahmadian-
Moghadam (2012), Kiigiikonder et al. (2016), and
Kumar et al. (2017). From these results, it can be
concluded that ANN can be used for all plants, but a

Table 5. The weight values between the hidden layer and
the output layer.

Number of neurons in the hidden layer (i)
Weights 1 2 3 Bias2
Ww. -6.570 -1.548 -3.993 27.785

i
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specific equation should be prepared in applications of
other methods for each plant.

In conclusion, in this study, different learning algo-
rithms of ANNs and MLR were employed and their
performances assessed by using L and W for estimating
LA. The results of ANNs were compared to those of
MLR and one another statistically using R?, MSE and
MAD and MAPE. Comparative analysis of the network
model results indicated that all models generally per-
formed well for LA estimation during training and
testing phases. It is clear from the study that the general
predictions by all ANNs and MLR models were good,
with ANN models being slightly better in predicting
LA than MLR. As a result of this, in the prediction of
LAs for different pear cultivars, ANNs can thus be used
in addition to MLR, as an effective tool to circumvent
difficulties met in the direct measurement of LAs in the
laboratory.
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