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a b s t r a c t

This study was carried out in 2013 and 2014 to compare the potential of artificial neural networks and
logistic regression to predict dominant weed presence on dryland chickpea and winter wheat fields in
Kurdistan province, Iran. In both models, climatic and soil characteristics were defined as independent
variables and presence/absence of the dominant weeds as the dependent variable. The geographical
coordinates of each field was overlaid on georeferenced map of the province for producing the distri-
bution of weed species maps in ArcGIS. Also, the zonation maps developed by using GIS based on LR
models. Demographic indices of weed species were calculated, and the dominant weeds were deter-
mined. In the area under study, 61 and 74 weed species were identified on chickpea and winter wheat
fields, respectively. The results indicated that Galium aparine L., Convolvulus arvensis L., Scandix pectin-
veneris L. and Tragopogon graminifolius DC. at three-leaf stage (99, 81, 71 and 70, respectively), Convol-
vulus arvensis and Tragopogon graminifolius at podding stage of chickpea (96 and 77, respectively); and
Convolvulus arvensis, Tragopogon graminifolius, Turgenia latifolia (L.) Hoffm. and Carthamus oxyacantha M.
B. at heading stage of winter wheat (95, 80, 78 and 72, respectively) were the dominant weeds with the
highest abundance indices. The logit models did not show good fitness and could not fit any models for
Galium aparine at three leaf stage and dominant weeds at podding stage of chickpea. However, ANN
could develop the best suited models for prediction all dominant weeds with high MSE values. Sensi-
tivity analysis on the optimal networks revealed that altitude and rainfall were the most significant
parameters. The results demonstrates the potential of ANN as a promising tool for survey of weed
population dynamics.

© 2016 Published by Elsevier Ltd.
1. Introduction

Wheat (Triticum aestivum L.), the second most important cereal
in the world and chickpea (Cicer arietinum L.), the third most
relevant legume have main roles in worldwide agricultural econ-
omy (FAO, 2013). They are most important crops in dryland agri-
cultural regions of Iran (Abdulahi et al., 2012). Iran is ranked four
and eleven in chickpea and wheat production in the world,
respectively (FAO, 2013). Kurdistan Provincewith the common crop
(S. Mansourian), e-izadi@um.
d Mohassel), m.rastgoo@um.
rotation of chickpea-wheat has the first and fourth position in Iran
production rank, respectively.

Compared to developed countries in the world, Iran has low
productions of chickpea and wheat per unit area (FAO, 2013). The
average yield of rain-fed chickpea and winter wheat in Kurdistan
are 265 and 750 kg/ha, respectively. Many factors are responsible
for reduction of yield in chickpea and wheat in Iran fromwhich the
most important factor are weeds. Weeds occurring on dryland
chickpea fields represent a major production loss and impact on
chickpea grain yield because of slow growth of chickpea seedlings,
smaller leaf area and weak interspecific competition at early
growth stages. Yield loss in Iranian wheat and chickpea due to
weed is more than 25% and 66%, respectively. Weeds are more
competitive whenmoisture is limited and also wheat seedlings are
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not able to compete well enough with weeds (Abdulahi et al.,
2012).

Therefore, weed identification on dryland crops is the most
important operation for weed management (Hassan et al., 2010).
Mapping of weed distribution and their demographic indices
would be an important step forward in weed management on
chickpea and wheat fields. Monitoring of weed species will provide
great help to make a decision on applying suitable control methods
(Minbashi Moeini et al., 2008). Weed distribution on fields is not
uniform and limited to different size of patches on field (Weis et al.,
2008) and since there is significant difference in weeds among
different fields, site-specific weedmonitoring andmanagement are
necessary (Moran et al., 2004). Weed researchers need to predict
weed populations by developing models that help to: (i) estimate
the presence of weeds on fields relating their population dynamics
with the expenses and profits of their control, (ii) estimate the ef-
fects of new management before field implementation, and (iii)
simulation weed populations responses to changes in the envi-
ronment or managing. Many factors influence weed specie pres-
ence and abundance, such as soil and climate properties (Fried
et al., 2008), crop interference (Caussanel, 1989), other competing
weed species and agricultural practices (Dale et al., 1992) among
others. Nowadays computer knowledge has been widely applied to
design application systems for weed management to estimate
current and predict future infestations (Memon et al., 2011). Some
researchers applied geographic information system (GIS) (Lamb
and Brown, 2001), logistic regression (LR) (Goslee et al., 2003)
and artificial neural networks (ANN) (Irmak et al., 2006) to deter-
mine and rank the relative importance of the soil and climate fac-
tors in different situation and crops on weed presence. GIS as a
powerful tool can provide full information to weed researchers
(Minbashi Moeini et al., 2008) and can integrate layers of infor-
mation in one habitat. Mitchell and Pike (1996) developed a po-
tential map of weed presence based on the logistic regression
equations within a GIS environment for weed management. Lo-
gistic regression models cover the case of binary dependent vari-
ables. It can take only two values (presence/absence of weed).
Nowadays, artificial neural networks are presented as powerful
weed modelling tools for solving non-linear ill-defined problems
(Gonzalez-Andujar et al., 2016). ANN models are inspired by bio-
logical neural networks which can accurately predict complex non-
linear procedures at a desired level (Torrecilla et al., 2004). An ANN
contains of simple processing elements called neurons and syn-
apses are the connections between neurons. At each neuron, the
input signals are summed and this input is processed via a non-
linear transfer function, i.e., sigmoid (Irmak et al., 2006) and
tangent hyperbolic (Heidari et al., 2011) to produce the output of
the neuron. Previous research in the field of crop science indicate
Fig. 1. Geographic distribution and sampling points of dryland c
that ANN provide reasonable and reliable results. For example, ANN
were applied for: (i) spectral classification of grass weed species in
winter wheat (Lopez-Granados et al., 2008), (ii) to discriminate
between Cruciferous weeds in winter wheat and legume crops
(Castro et al., 2012), (iii) to develop herbicide applicationmap (Yang
et al., 2003). Further, ANN were used to predict the effect of soil
fertility on soybean yield (Irmak et al., 2006) and to discriminate
between sunflower and weeds (Kavdir, 2004). Therefore, the ANN
approach is presented as a useful and feasible technique for species
discrimination and site-specific control in weed science.

In Iran, much research is needed in order to assess weed flora in
cultivated crops. This gap in our knowledge led us to start a survey
in order to find an appropriate method to study weed distribution.
The objectives of this study were to accurately identify weeds and
to develop distribution maps of the dominant weed species on
dryland chickpea and winter wheat fields by using GIS. In addition,
we aim to determine the importance climatic and soil factors on
weed field presence by using LR and ANN approaches and ulti-
mately compare the relative accuracy of such models.

2. Materials and methods

2.1. The study area

Kurdistan province, Iran, comprises of 28 203 km2 area being
located between 34�440-36�300N and 45�310-48�160E. Weed sam-
ples were collected during 2013 and 2014 cropping seasons from 33
dryland chickpea and wheat fields in 5 counties (Sanandaj,
Kamyaran, Dehgolan, Divandareh and Saqez) of Kurdistan province
in Iran (Fig. 1). The selection of the counties was done based on
cultivation acreage and production of chickpea and wheat in
Kurdistan. The number of fields in each county was selected based
on its area under dryland chickpea and wheat cultivations (Table 1)
(Minbashi Moeini et al., 2008).

2.2. Weed sampling and determination of population indices

Weed sampling time in different counties was performed at two
stages of chickpea growth, (three-leaf and the podding stages of
chickpea) and heading stage of winter wheat (Minbashi Moeini
et al., 2008). According to McCully et al. (1991), weed sampling
pattern was “W shape” and five quadrats were used in selected
fields where the area was between 1 and 5 ha (Hassan et al., 2010).
The species of weeds were identified and separately counted in
each quadrat of 0.25 m2 (Nordmeyer and Dunker, 1999).

After weed species identification and counting, population
indices (frequency, uniformity, density, mean field density and
abundance index) were calculated to determine the dominant
hickpea and winter wheat fields in Kurdistan province, Iran.



Table 1
The number of fields surveyed based on the total production (Minbashi Moeini et al.,
2008).

Number of fields surveyed Area under cultivation (ha)

2 <500
3 501e1000
4 1001e5000
6 5001e10000
8 10001-15000
11 15001-30000
16 30001-60000
The number is attained by adding 10000 ha

to the area and one field is added to 16
>60000
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weeds in surveyed crops of Kurdistan province using Eqs. (1)e(5)
(Thomas, 1985).

The frequency (F) designates the percentage of fields infested by
a species in the county:

Fk ¼
P

Yi
n

� 100 (1)

where Fk is the frequency value for species k, Yi is the presence (1)
or absence (0) of species k in field i, and n is the number of fields
surveyed.

The uniformity (U) designates the percentage of quadrats
infested by a species:

Uk ¼
Pn

1n
Pm

1m Xij

m� n
(2)

where Uk is the field uniformity value for species k, Xij is the
presence (1) or absence (0) of species k in quadrat j in field i, andm
is the number of quadrats per field.

The density (D) designates the number of individuals of a spe-
cies per m2:

Dki ¼
P

Zj
m

� 4 (3)

where Dki is the density (expressed as number/m2) value of species
k in field i and Zj is the number of plants in quadrat j.

The mean field density (MFDki) designates the number of plants
m�2 andwas used to indicate themagnitude of the infestation in all
the surveyed fields:

MFDki ¼
Sn

1Dki
n

(4)

The abundance index (AI) of each species was calculated as
follows. For species k:

AIk ¼ Fk þ Uk þMFDk (5)

Three quantitative measures (frequency, uniformity, and mean
field density) were used to determine the AI of each species in each
county.

Meanwhile climatic factors such as average season maximum
(TMax) and minimum (Tmin) temperature (C�) and average seasonal
rainfall (mm) were obtained from the nearest meteorological sta-
tions. Furthermore, soil sampling was taken in all fields, next to the
each quadrat. It was taken 15e30 cm in depth, after removing the
surface soil. Some of the common characters of the samples were
calculated in the soil testing laboratory, i.e., organic matter (OM)
(%), electrical conductivity (EC) (ds/m), acidity (pH) (H2O, 1:2),
saturated moisture content of soil or saturation percentage (SP) (%),
clay (%), sand (%), silt (%), nitrogen (N) (%), phosphorus (P) (p.p.m),
potassium (K) (p.p.m) of soil.

2.3. Weed distribution map

The geographical characteristics of each field (longitude, lati-
tude and altitude) was recorded by GPS and transported to the form
of database which was in Excel and the database layers in ArcGIS
version 9.2 (ESRI, 2006) were drawn. The information listed in the
software ArcMap from the collection of software ArcGIS, based on
longitude and latitude were recorded and then the main informa-
tion layer of the various weeds species was prepared. In the next
step by using the Overlay tools in GIS, this information was con-
nected to the georeferenced map of Kurdistan province.

2.4. Data preprocessing

One of the logistic regression model hypothesis is collinearities
among the independent variables (Bai et al., 2010). The collinearity
denotes that two variables are linear combinations of each other.
When more than two variables are involved which are inter-
changeably correlated, it is called multicollinearity (Hosmer and
Lemeshow, 2000). The variance inflation factor (VIF) and toler-
ance (TOL) were used for multicollinearity identification. In this
survey, variables with VIF>10 and TOL<0.1were eliminated fromRL
analysis and ANN models (Ozdemir, 2011). After survey of multi-
collinearity, 9 factors for chickpea field and 11 factors for wheat
were selected as independent variables for developing models.

Input variables have different scales, so the data were normal-
ized by converting them to maintain the LR and ANN sensitivity.
The following equation was used to normalize the dataset (Eq. (6))
(Haykin, 1994) that range is 0.1e0.9:

X ¼
�� ðxi � xminÞ

ðxmax � xminÞ
�
� 0:8

�
þ 1 (6)

where xi is the original data, x the normalized input or output
values, xmax and xmin are the maximum andminimumvalues of the
resultant variable, respectively.

2.5. Logistic regression model

The objective of LR is to find the best model to define the rela-
tionship between a binary dependent variable and several inde-
pendent variables (Lee, 2005). The general logistic regression
equation is as follow (Eq. (7)):

z ¼ c0 þ c1x1 þ c2x2 þ…þ cnxn (7)

where x1, x2,…, xn are independent variables and the parameters c1,
c2,…, cn are the regression coefficients to be estimated in SPSS
software. “z” is a function of the independent variables represent-
ing a linear relationship, and if z is denoted as a binary response
value 1 (z ¼ 1) means the presence of a weed, and value 0 (z ¼ 0)
designates the absence of a weed. In this study, a forward stepwise
logistic regression was used to analyze the data. The significant
independent variables (with 95% confidence interval) were added
to the model at the last step and the affecting factors were selected
because they were statistically significant (Mathew et al., 2007).
From the statistical analysis, the B coefficients were determined.
After assigning of constant coefficient and B value, LR equation for
each weed was produced. Finally, -2Loglikelihood (-2LL), Nagel-
kerke R2, Cox & Snell R2 factors and Predict Percentage Correct Test
(PCPT) and Area Under Curve of ROC (AUC) were used for com-
parison of the best models and their accuracies (Hosmer and
Lemeshow, 2000).
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2.6. Zonation map

ArcGIS provides a fast and worthwhile evaluation method to
develop weed populations maps and in a vast area. Otherwise it
would not be feasible to cover it by manual ground survey ap-
proaches (Gang, 2014). To attain this goal, the interpolation was
done by using “Inverse Distance Weighted” method (IDW) for
developing the layer of significant variables of LR equations. The
new data points were produced by known data points and finally
the interpolated layers of the entire study areawere developed. The
constant coefficients and B value of the LR were used as weights in
an equation and weed occurrence potential P-values were calcu-
lated. The relationship between weed occurrence and its de-
pendency on a given explanatory variable can be expressed as (Eq.
(8)):

P ¼ 1�
1þ e�z

� (8)

where P is the probability of the weed presence, i.e., z ¼ 1 and e is
Napier's Constant based on natural logarithm. The probability of P
increases when the value of z increases. Regression coefficients c1
…., cn show the contribution of each independent variable on
probability value P. A positive sign means that the independent
variable increase the probability of change, while a negative sign
indicates a decreasing effect. The susceptibility zones have been
comparedwith theweed distribution layers. In order to validate the
zonation map by observed data of weed presence, receiver oper-
ating characteristic (ROC) curve was calculated in SPSS software.
The area under the curve (AUC) can be used to assess the prediction
of the model. Total area equal one (AUC ¼ 1) means perfect pre-
diction accuracy and the area under the ROC curve with values
ranging from 0.5 to 1 are used to assess the correctness of the maps.
A weed presence was predicted precisely when at least part of it
was situated in high probability rate (Ozdemir, 2011). Commonly
used classification using AUC for a diagnostic test is summarized in
Table 2.
2.7. Artificial neural networks

To evaluate and develop the performance of ANN to classify the
weed presence based on altitude, soil and climate explanatory
variables, a “Multi-Layer Perceptron (MLP)” model was imple-
mented and the ANN model was calibrated using the Neuro-
Solutions version 5.0 (www.nd.com). The MLP training method
was Back-Propagationwith Declining Learning-Rate Factor (BDLRF)
and the learning rule of networks was Levenberg Marquardt (LM).
Transfer functions for hidden layer(s) and output layer were
Tangent Hyperbolic (Tanh) and Linear Axon (LinAxon) respectively.

tanh x ¼ sinh x
cosh x

¼
�
e2x � 1

��
e2x þ 1

� (9)

This function is defined as the ratio between the hyperbolic sine
and the cosine functions (the ratio of the half-difference and half-
Table 2
Accuracy classification by AUC for a diagnostic test (Yassinsar, 2005).

Area Under Curve (AUC) Range Classification

0.9e1 Excellent
0.8e0.9 Very good
0.7e0.8 Good
0.6e0.7 Fair
0.5e0.6 Poor
sum of two exponential functions in the points x and ex).
To develop neural network firstly the dataset was randomly split

into three sets of training (60%), validating (15%) and testing model
(25%). The MLP models were trained as three and four layers. The
ANN had nine and eleven neurons in the input layer of weed of
chickpea and wheat classifications respectively. Between input and
output layers there were one or two hidden layer(s) of different
numbers of neurons. Mean squared error (MSE) was used to
determine the performance of the different models. The model
with the smallest MSE was considered to be the best. In order to
assess the classification ability and validity of the developed ANN
model, a sensitivity analysis was conducted using the best network.
Sensitivity analysis was also performed to study the effects of
various independent variables on the output and provides insight
into the helpfulness of individual variables. With this kind of
analysis it is probable to judge what factors are the most significant
(with sensitivity value close to 1) during generation of the suitable
MLP (Heidari et al., 2011).

3. Results and discussion

3.1. Demographic indices of weeds on chickpea and winter wheat
fields

A total of 61 weed species from 24 families were observed
within the chickpea fields. The results indicated that the number of
species present on the three leaf stage of chickpea were 51 corre-
sponding to 24 families among which Asteraceae, Poaceae, Apia-
ceae and Caryophylaceae comprise the most abundant species
respectively. Galium aparine L., Convolvulus arvensis, Scandix pectin-
veneris L. and Tragopogon graminifolius DC. were themost abundant
weeds. Also a total of 58 weed species from 23 families were
observed within the chickpea fields in the podding stage that the
most abundant families were Asteraceae, Poaceae, Brasicaceae,
Apiaceae and Caryophylaceae. Results showed that Convolvulus
arvensis L. and Tragopogon graminifolius were dominant broadleaf
species in dryland chickpea fields. Assuming that annual weeds
more important than perennial weeds and since wheat was in the
rotation, the most dominant grassy weed specie was volunteer
winter wheat. A total of 74 weed species from 22 families were
observed onwinterwheat fields fromwhichmost abundant species
included Asteraceae, Poaceae, Fabaceae and Brasicaceae, respec-
tively. The most important weeds in wheat fields based on the
abundance index were: Convolvulus arvensis, Tragopogon gramini-
folius, Turgenia latifolia (L.) Hoffm. and Carthamus oxyacantha M. B.
(Table 3).

Although wheat plants covered the soil surface, but the number
of weed species identified on winter wheat fields were higher than
chickpea, probably due to poor chickpea competition with weeds
and/or higher amount of nitrogen fixation in favor of weeds (Tang
et al., 2014). Since seedbed preparation for chickpea was per-
formed early spring, followed by hand weeding late in spring
during podding stage, therefore these operations led to emergence
of few grassy weeds next autumn. Annual weeds have the highest
population on chickpea and wheat fields due to soil disturbance by
tillage (Radosevich and Holt, 1984) and they produce high amount
of seeds for infestation and soil seed bank replenishment. Although,
annual weeds have more population density and diversity, peren-
nial weeds caused more problem to the farmers. The distribution of
weeds in different regions showed that Tragopogon graminifolius
and Convolvulus arvensis have high infestation levels and high fre-
quency on both crops. Tragopogon graminifolius seeds spread by
wind being trapped in the wheat straw (Murphy and Lemerle,
2006). According to Minbashi Moeini et al., 2008 Convolvulus
arvensis is the most important weed prior to harvesting on winter

http://www.nd.com


Table 3
The dominant weed species of rain-fed chickpea and winter wheat fields of Kurdistan province based on Abundance Index.

Weed Three-leaf stage of chickpea Podding stage of chickpea Heading stage of winter wheat

Galium aparine 99 58.4 68.2
Convolvulus arvensis 81 96 95
Scandix pectin-veneris 71 59 65.2
Tragopogon graminifolius 70 77 80.2
Turgenia latifolia 45 46 78.1
Carthamus oxyacantha 17 33 72.2
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wheat fields in Iran and their rhizomes are spread by tillage on
fields. The common rotation of chickpea-wheat effects on weed
population because of the different agricultural operations. More-
over themain reason of Kurdish farmers for applying this method is
to enrich soil nutrients and likewise improve the weed control on
fields. Also, the common management of weeds on dryland
chickpea fields is hand weeding. The farmers apply this method in
podding stage of chickpeawhenweeds impose their adverse effects
on yield. However, hand weeding is not a useful and powerful
method for controlling perennial weeds with deep rhizomes like
Convolvulus arvensis and thorny weeds like Carthamus oxyacantha.
The rhizomes are cut and spread on field by tillage. Weeding and
tillage reduce diversity and threat the sustainability. Although,
some weeds become compatible with this common agricultural
operations (Dutoit et al., 2003). So we should probably expect some
weeds are becoming a problem in the coming years. After chickpea
and wheat, some Kurdish farmers release their fields as fallow so
there are low tillage and disturbance on these fields, and some
perennial weeds like Convolvulus arvensis and Tragopogon grami-
nifolius are become established there. Because of the buds on the
Convolvulus arvensis root and rhizomes and its rapid stability and
deployment, tillage before wheat planting cannot be effective on
weed control. Another reason for the importance of broad-leaved
weeds on chickpea field is the absence of effective systematic
broad leaf herbicide. Convolvulus arvensis and Carthamus oxy-
acantha are winter broad leaf weeds that at most simultaneously
emerge with chickpea. So they cause problem for the next season
crop.

3.2. Regression logistic models of the dominant weeds presence of
dryland chickpea and winter wheat

Obtained results of the RL analysis, the significant independent
variables for predicting Convolvulus arvensis, Scandix pectin-veneris
and Tragopogon graminifolius presence at three leaf stage of
chickpeawere clay content, EC and altitude, respectively. According
to Chikoye and Ekeleme (2001), the growth of the rhizomes of
perennial weeds are reduced in heavy texture soil (i.e. high clay
Table 4
Scientific name, Independent variables, coefficients, Exp (B) for Logit equations of the dom
some statistics and accuracy evaluation.

Scientific name Convolvulus arvensis

Independent variable Clay
Wald 4.022*

B 4.352
Exp (B) 77.595
Constant coefficient �1.577
Logit equation Z ¼ �1.577 þ 4.352xClay
Nagelkerke R2 0.197
-2LL 31.882
Cox & Snell R2 0.132
AUC 0.797
PCPT 72.7

* is significant in 95% confidence level.
content). Since there is lack of precipitation in this study area, water
is a limiting factor for weed surviving and competition. Since clay
particles keep water more than sand, it is a positive factor for
Convolvulus arvensis presence. In this survey, the presence of
Scandix pectin-veneris is decreased by the increasing of EC
(B¼�3.772) (Table 4). Rashed Mohassel et al., (2009) reported that
this weed is distributed in the warm regions, calcareous loamy, clay
and dry soils. EC is affected on the amount of soil water, clay and the
soil temperature (MacNeal, 1980) and aggressive capability of the
regions to invasive weed (Fried et al., 2008). In this province,
amount of precipitation increases from the East to the West. So it is
present more in theWest (Fig. 2-b). Burk (2001) andWehrden et al.
(2009) reported that altitude is affected on weed presence and
decreasing temperature by increasing the altitude may effects on
soil formation and weed distribution. Tragopogon graminifolius
prefers sandy to clay-loam soils and it is owned dryland fields
(Rashed Mohassel et al., 2009) and in this study, its presence on
dryland chickpea fields was increased at higher altitudes (the
species is present in the highest and coldest Divandareh county of
Kurdistan province, Fig. 2c).

Performance values of LR models, -2LL, Cox and Snell R2 and
Nagelkerke R2, were 31.882, 0.132 and 0.197 for Convolvulus
arvensis, 35.361, 0.144 and 0.203 for Scandix pectin-veneris and
0.155, 0.155 and 0.215 for Tragopogon graminifolius, respectively.
Although, these coefficients did not show good and reasonable
fitness values, PCPT and AUC have shown high accuracy and good
fitness for the models. So the LR was accepted (Table 4). The logit
models had areas above 0.7 units under the ROC curves, which
clearly indicate an effective capacity for predicting the chance of
weed presence susceptibility of chickpea and wheat fields for the
study area. However, the LR could not fit models for Galium aparine
in the three leaf stage and also for the dominant weeds in the
podding stage of chickpea fields (data not shown).

According to the LR models, the significant independent vari-
ables for predicting Convolvulus arvensis, Tragopogon graminifolius,
Turgenia latifolia and Carthamus oxyacantha presence on the
dryland winter wheat fields were pH, Tmin and Altitude (Table 5).
pH, altitude and Tmin in LR models of Convolvulus arvensis, Turgenia
inant weed species at three leaf stage of rain-fed chickpea of Kurdistan province and

Scandix pectin-veneris Tragopogon graminifolius

EC Altitude
4.397* 4.443*

�3.772 4.267
0.023 71.281
2.866 �1.177
Z ¼ 2.866e3.772xEC Z ¼ �1.177 þ 4.267xAltitude
0.203 0.215
35.361 0.155
0.144 0.155
0.743 0.723
69.7 78.8



Fig. 2. The distribution and zonation maps of dominant weeds presence in Kurdistan province during three leaf stage of dryland chickpea (a) Convolvulus arvensis, b) Scandix pectin-
veneris and c) Tragopogon graminifolius).
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latifolia and Carthamus oxyacantha by having positive coefficients.
High values for Exp (B) indicate a higher influence compared to
other variables on their presence in this study area. For example,
Exp (B) in RL equation for Turgenia latifolia equal to 2.193, which
means that if altitude increases by one unit (one meter), the value
for Turgenia latifolia presence will increase 2.193 in time.
Table 5
Scientific name, Independent variables, coefficients, Exp (B) for Logit equations of the dom
accuracy evaluation.

Scientific name Convolvulus arvensis Tragopogon gramin

Abundance Index 94.91 80.19
Independent variable pH Tmin
Wald 3.315* 5.403*

B 5.004 �5.114
Exp (B) 149.03 0.006
Constant coefficient �0.089 4.384
Logit equation Z ¼ �0.089 þ 5.004xpH Z ¼ 4.384e5.114x
Nagelkerke R2 0.253 0.388
-2LL 16.059 22.349
Cox & Snell R2 0.115 0.237
AUC 0.839 0.877
PCPT 90.9 87.9
Convolvulus arvensis presence on wheat field increased 149.03
times by one unit in pH. Since the pH is affected on the access of
plants to nutrient and ultimately on weed distribution (Walter
et al., 2002) and the capability of rhizome and seed production
(Medellin and Gaona, 1999), it is one of the important factor for
weeds distribution and we have to consider it for the further
inant weed species in rain-fed wheat of Kurdistan province and some statistics and

ifolius Turgenia latifolia Carthamus oxyacantha

78.07 72.15
Altitude Tmin
5.251* 8.093**

7.693 6.401
2.193 602.169
�1.601 �1.846

Tmin Z ¼ �1.601 þ 7.693xAltitute Z ¼ �1.846 þ 6.401xTmin

0.375 0.528
24.968 28.497
0.242 0.393
0.843 0.863
78.8 78.8
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investigation. Also, Fried et al. (2008) recorded that Convolvulus
arvensis appears on light and alkaline soils which is in accordance
with our results. The LR equation showed that the presence of
Carthamus oxyacantha and Tragopogon graminifolius on the winter
wheat fields raised with increasing and decreasing temperature,
respectively. Villers-Ruiz et al. (2003) and Wiles (2005) reported
that temperature affected on weed distribution. Also, Chalechale
et al. (2014) reported that safflower increased in the warm region
on chickpea fields of Kermanshah province in Iran.
Fig. 3. The distribution and zonation maps of dominant weeds presence on dryland win
Turgenia latifolia and c) Carthamus oxyacantha).
3.3. The zonation map of dominant weed presence and evaluation
of the validity

The zonation map is found to be very useful and with high
potential in estimating, managing and modifying the vulnerability
of this region. In this study, the probability of weed presence maps
on chickpea (Fig. 2) and wheat fields (Fig. 3) were classified to
different categories: very low, low, moderate, high and very high.
They were checked by overlaying it with the observed weed
ter wheat fields in Kurdistan (a) Convolvulus arvensis, b) Tragopogon graminifolius, b)



Table 6
Revenue of the best network in predicting of weed presence during three leaf stage of rain-fed chickpea.

No. Weed Number of neuron
in the first hidden layer

Number of neuron
in the second hidden layer

Topology MSE AUC

1 Galium aparine 2 5 9-2-5-2 0.137 0.886
2 Convolvulus arvensis 10 0 9-10-2 0.032 0.895
3 Scandix pectin-veneris 1 0 9-1-2 0.109 0.822
4 Tragopogon graminifolius 2 2 9-2-2-2 0.196 0.64

Table 7
Revenue of the best network in predicting of weeds presence at podding stage of rain-fed chickpea.

No. Weed Number of neuron
in the first hidden layer

Number of neuron
in the second hidden layer

Topology MSE AUC

1 Convolvulus arvensis 2 10 9-2-10-2 0.074 0.784
2 Tragopogon graminifolius 2 10 9-2-10-2 0.356 0.843

Table 8
Revenue of the best network in predicting of weed presence in rain-fed winter wheat.

No. Weed Number of neuron
in the first hidden layer

Number of neuron
in the second hidden layer

Topology MSE AUC

1 Convolvulus arvensis 2 4 11-2-4-2 0.102 1
2 Tragopogon graminifolius 3 0 11-3-2 0.111 0.833
3 Turgenia latifolia 6 0 11-6-2 0.208 0.874
4 Carthamus oxyacantha 5 0 11-5-2 0.279 0.97

Table 9
Sensitivity analysis of ANN inputs in the best network of weed presence during three
leaf stage of rain-fed chickpea.

No. Weed Altitude (m) Rainfall (mm)

1 Galium aparine 0.0002 0.0001
2 Convolvulus arvensis 0.05 0.06
3 Scandix pectin-veneris 0.35 0.29
4 Tragopogon graminifolius 0.04 0.08

Table 10
Sensitivity analysis of ANN inputs in the best network of weed presence at podding
stage of rain-fed chickpea.

No. Weed Altitude (m) Rainfall (mm)

1 Convolvulus arvensis 0.04 0.0004
2 Tragopogon graminifolius 0.004 0.003

Table 11
Sensitivity analysis of ANN inputs in the best network of weed presence in rain-fed
winter wheat.

No. Weed Altitude (m) Rainfall (mm)

1 Convolvulus arvensis 0.011 0.0005
2 Tragopogon graminifolius 0.015 0.0007
3 Turgenia latifolia 0.014 0.016
4 Carthamus oxyacantha 0.08 0.08
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presence point layer. The area under ROC curve, values for
Convolvulus arvensis, Scandix pectin-veneris and Tragopogon grami-
nifolius at three leaf stage of chickpea were 0.758, 0.723 and 0.433,
respectively. Except of Tragopogon graminifolius, the area under
curve values for the other maps were indicated that they have good
fitness with real data. The area under curves for Convolvulus
arvensis, Tragopogon graminifolius, Turgenia latifolia and Carthamus
oxyacantha on wheat fields were 0.844, 0.704, 0.83 and 0.852,
respectively. These results indicated that the LR models are good
estimators of the possibility rates of the weed presence potential in
the study area and the results of ROC curves demonstrated that the
use of a LR model within GIS framework is useful and suitable to
develop the susceptibility map.

3.4. Artificial neural networks for classification of the weeds
presence

Optimum configurations for classification of dominant weed
presence were performed based on MSE that mentioned in
Tables 6e8. Ultimately, (9-2-5-2), (9-10-2), (9-1-2) and (9-2-2-2)-
MLP were selected as optimum configuration for Galium aparine,
Convolvulus arvensis, Scandix pectin-veneris and Tragopogon grami-
nifolius in three leaf stage of chickpea, respectively. (9-2-10-2)-MLP
is the network having nine input variables, two neurons in the first
hidden layer, ten neurons in the second hidden layer and two
neurons in output layer, was in the best-suited model for Convol-
vulus arvensis and Tragopogon graminifolius in podding stage of
chickpea. The results showed that the best networks for Convol-
vulus arvensis, Tragopogon graminifolius, Turgenia latifolia and Car-
thamus oxyacantha, on winter wheat fields were (11-2-4-2), (11-3-
2), (11-6-2) and (11-5-2)-MLP, respectively.

The network having three layers with a topology of had the best
results in classification of Based on consequences of sensitivity
analysis, two independent parameters with the most effect on
related outputs were selected and discussed. The sensitivity anal-
ysis of models revealed that altitude and rainfall factors were the
most significant parameters in the classification of weed presence,
which are often recognized as sensitive factors (Tables 9e11).
To validate of the networks of weed presence, ROC indices were

calculated in SPSS software and the area value under the ROC curve
for the model was found to be 0.886, 0.895, 0.822 and 0.64 for
Galium aparine, Convolvulus arvensis, Scandix pectin-veneris and
Tragopogon graminifolius during three leaf stage of chickpea and
0.784 and 0.843 for Galium aparine and Convolvulus arvensis in
podding stage of chickpea, respectively. These values amounted to
1, 0.833, 0.874 and 0.97 for Convolvulus arvensis, Tragopogon
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graminifolius, Turgenia latifolia and Carthamus oxyacantha in wheat
fields, respectively. The area value under the ROC curve for the
networks were indicated that they have good fitness. These results
indicate that the ANNmodels are good estimators of the probability
values of the weed presence potential in the study area
(Tables 6e8).

4. Conclusions

Since the ANN models could classify the weed presence with
high accuracy, they could be considered a good alternative to LR for
assessing of regional fields (Bedia et al., 2011; Lobo et al., 2010). This
survey reveals the potential of ANN as a potential tool for the study
of weed population dynamics. Obtained results opens the door for
the weed scientists (Gonzalez-Andujar et al., 2016) in utilizing the
ANN technique in gaining future knowledge to improve weed
management programs based on distribution maps and weed
abundance models. Better knowledge of the past and present is a
key component for the improvement of the planning process that
will effect agriculture in the years to come.
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