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Abstract: The aim of this study is to evaluate the ability of artificial neural network in prospecting characters
of canola var. Hayola 405 under laser priming conditions as the tributary of salinity stress. Neural networks are
parallel processing systems used to detect complex patterns among data sets. The present study was
conducted to earn nonlinear and complex functions could map data with characters and to identify the
relationships between data values. In order to collect data, the experiments were carried out at the Department
of Agronomy, Faculty of Agriculture, Zanjan University, Iran. Next, the laboratory results were prepared in
suitable way with primary processing for use in neural network. Multilayer perceptron network with single
hidden layer has utilized as a title of data processor to get the least errors. This way, after network training and
validation, the test outcome has 87.5 percent accuracy.
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INTRODUCTION by Jamil and Chunand [4], Lari Yazdi and colleagues [5],

Clearly, Saline stress appears as one of the most germination speed and rate.
severe  environmental   factors   limiting   agricultural In saline conditions plants need special mechanisms
development and production. Over one half of the world's to regulate the internal osmotic pressure and salt
total land area, which is equal to the entire arable land concentration. Plants under osmotic stress reduce their
area, is faced with the problem of salinity. Only in Iran, osmotic pressure through accumulation of free amino
salt- and sodium-affected areas are about 27 million acids, soluble sugars and proteins [7]. In evidence of
hectares, which are equal to more than half the agricultural salinity, increasing the concentration of soluble sugars in
land [1]. cereals [8, 9, 10] and proline content in canola cultivars

Salinity will affect germination through osmotic [11, 12] have been reported. Moss and Hoffman [13]
pressure, low water absorption and effects of toxic ions reported that, salinity stress at 10 dSm  is threshold of
such as sodium and chlorine. Some researchers attributed salinity tolerance in canola, while Francois [14] pointed
the negative effects of salinity stress on crop germination the threshold of 11 dSm .
to osmotic potential and others to the toxic effects of ions On balance, an appropriate establishment is very
[2]. In plants that reproduce through seeds, germination important for the farm's production. Unfortunately
stage is very sensitive to the salinity level due to its problems such as drought and non-uniform distribution
indirect effects on plant density. At this stage, the ions in of atmospheric precipitation, high salinity levels on farms,
water or soil can act as irritating, inhibiting or neutralizing lack of proper seed bed preparation and soil nutrient
factors in germination [3]. According to estimates made deficiency are common in Iran’s fields.

Puppula and colleagues [6] salinity impairs canola seed
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Based on the results of several researches, which weights. Equation 1 is a basic linear function based on
have been verified empirically, one of the very useful and components of pattern vectors in which W  is the weight
effective ways to offset at least some part of these factor in level k of sequence Sx. Initial weight of VK can
unfavorable factors is the usage of seed priming [15]. be a contract part and has its own weight vector. In this

Seed priming is a technique by which seeds are case, the process should be from a set of standard
partially hydrated to a point where germination processes samples and has discipline for each sequential process
begin  but  radicle  emergence does not occur [16]. field.
Actually seeds can be made ready for physiological and
biochemical changes before planting, occur during seed (1)
priming.

During the past 20 years, artificial neural networks Then, the weight coefficients of the formula 2 are
inspired by biological systems has been popularized in multiplied in inputs and the multiplying results are entered
science and engineering in order to solve the nonlinear in threshold element. In fact they act so similar to human
problems. This idea have been shaped from human nerve synapses [21].
nervous system with the aim of simulating computers as
like as humans, based on biological properties of neurons
and synapses acts [17]. As interaction of two nerves
junction is proportional to weight of each junction in the
network collection [18].

ANN structure is not only a network, but also the (2)
family consists of several networks. Artificial neural
networks -like humans- learn by examples; regulated to
perform specific tasks such as pattern recognition, data
classification and nonlinear function approximation The function which leads collector output to final
through a learning process. Total network performances output, called activity function (Equation 3).
are determined to be by its topology, characteristics of
single neurons, learning tactics and training data [19]. (3)
ANN must have means to communicate with the outside
world to be more applicative; the main one of them is So as to combine the input with some relevant
Characteristics Database of input / output (I / O) in very weights,  mathematical  functions  use  some  algorithms
large number. and  repetitions,  this  action  is  called  training  process

MLP  network architecture consists of an  input (Fig. 1). As a result of this process, the final weights are1

layer, one or more intermediate layers and an output layer produced.
[20]. The structure of a network expresses how to connect In the procedure of data interpretation by a neural
various layers. Usually this network calculates outputs network, the data are divided in to test and training
through inputs so that  the  total  error  values  calculated, groups. In this new process each output uses its specific
be referred to the previous layers. In the beginning of input to train and set the communicative weights between
learning,  the  output  estimation  is  done  layer-by-layer neurons. When training ends, network tests in order to
and output of each layer will be used as the input of next determine its generalizing ability. Ability to generalize
one. Work progress can be introduced in stages of means that the system has not adapted to all data of
assigning weight matrix to each connection, selecting education system and also has acceptable error for the
appropriate input and output vectors, calculating the unknown data. To realize the network’s generalization
neuron's output in each layer and error quantity in the ability be sure not to use the training data have been used
weight adaptation with former layers. before.

In the most basic mode, perceptron will implement a On the same basis in this project, prime rapeseed
linear generalized function that can separate two linear reacting procedure to the environmental stress in the form
training collections. Responses are based on inputs total of a neural network is implemented.

k
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Fig. 1: Schema of training process present project due to the low number of data sets caused

MATERIALS AND METHODS Based on the results obtained in this study and other

Preliminary Tests to Provide Data: Study was conducted very good performance in both simulation and prediction
in Zanjan University in the North West region of Iran. of the database [23], the type of artificial neural network
This area is located within latitude of 36.683°N and and order of input data -especially the training ones- are
longitude of 48.393°E, with an altitude of 1620 meters important parameters that have major impact on the
above sea level. Soil texture class is clay loam with bulk outputs [24]. Suppose the network has n inputs so that all
density of 1.4 gcm  and average pH of 7.5. neurons in the input layer are same as maps that convert3

The data was from samples of canola (Brassica an n-dimensional space to the areas needed. Each neuron
napus var. Hayola 405). Helium-neon laser priming at six in the middle layer shows a bunch of related points to the
levels (0, 15, 30, 45, 60 and 75 w.m ) was affected on same group, besides, the total neurons in the output layer2

seeds for 30 minutes. Salinity stress from sodium chloride set the number of layers. During training, the weights are
source applied at three levels (0, 6 and 12 dSm ) during determined in such way that responds to the various1

the growth period and other environmental factors that inputs with a unique rule [25]. Now consider variable
affecting growth remained constant. The samples were arrangements of database introduced to the network.
taken at 22, 36, 50, 64, 78 and 92 DAP. Morphological and Following these different inputs having the same weights,
chemical characters were measured in the Zanjan we'll see different dependence but from the same sex on
laboratory of physiology and results classified for neural the middle layer. According to above steady reactions,
network analysis and education. The experiments were the ability of responding based on the specific rule will
laid out in randomized complete block design having three only mean by introducing a database with the same
replications with factorial arrangement. Analysis of arrangement of programming for the network; unless like
variance (ANOVA) of pooled data for all attributes was most existing users use MLP as a model maker. Therefore
computed using a SPSS computer program version 19.0. it seems to be necessary to mention the input sequences
Data were initially analyzed to determine whether the in every network; since the database given in our program
variances were homogenous across experiments by using was in ascending order. Fortunately, another advantage
Duncan’s Multiple Range (DMR) test. of network programming is that the user can trust input

Network  Input  Data  Processing:  In  general,  ANN  is So the first step is to classify the database into 20-80% for
used in both database classification and function 20 times by the network. Next, the whole programming
approximation. High volumes of data set are required in was done separately for each data series. Then, the actual
data classification to be able to see a good network final accuracy was introduced by averaging accuracy
education. In this study, the second application was used percentages from all series.
due to the limited data set. For this purpose after
collecting the experimental data mentioned above, we Training, Evaluation and Testing: An input layer which
normalized them to be more suitable for neural network is described in the previous section, a hidden layer with
analyzing. Of course MLP networks contain one hidden several neurons and an output layer are used in our MLP
layer can approximate all functions with any desired network. In the first phase of network training, 80 percent
approximation degrees by sigmoidal conversion functions of the whole data sets were randomly selected by using
in the middle layer and linear transfer functions in the an asymmetric algorithm. In the next stage, program makes

output layer, conditional on the middle layers have
enough neurons [22]. Finally, our introduced database to
the network was in the form of a matrix of 30 × 18 that
expresses thirty measured characters and six treatments in
three repeats. ANN will map nonlinear and complex
input’s functions to their outputs. These functions were
written with Matlab software, version 7.1.0 (Release 2010a,
Mathworks Inc., Natick, MA, USA). We changed the
pattern of problem-solving for several times during the

by the experimental limitations.

articles although artificial neural networks have shown a

data  set  in variable orders via the accuracy percentage.
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the estimated output (w ) which its difference from the research is helping from averaging to provide the realxi

actual output value is equal to error. According to this, we accuracy percent in order to obtain clearer picture of the
introduced the minimum mean square error as the ultimate neural network’s performance and have reliable outputs.
training error (Equation 4). Based on the same, each input data sets would be divided

(4) RESULTS AND DISCUSSION

In the early stage of network validation, 20% of the Field Growth Stage Experiments: The results showed
total data sets were selected randomly. Evaluation that levels of salinity used caused negative effects on the
process is quite similar to training but must be careful qualitative and quantitative characteristics of canola.
about not reusing the training data for evaluation. Although, the germination is a process of initiating
Another problem may occur when evaluating neural growth through cell elongation, root growth occurs due
networks is overlearning. In short, during network training to cell division. In the germination process, salinity has a
error reached an acceptable value but while evaluating the greater influence on cell division than on cell elongation
network error is more than the former error in training [26]. [27]. So the seed treatment is of utmost importance that
To prevent this problem, the trainscg network training can enhance the growth of seedlings. Laser treatment has
function is used. This function checks the error rate a positive effect on the germination percentage and
during training and evaluation processes. If the speed, but has no effect on seedling growth. Several
evaluation error become further of the training error at any values of laser are not significantly different in any of the
time (with an acceptable threshold), the program stopped. traits, although the amount was different (Table 1).
In addition to this, generalizing is running properly. However prime treatment does not show any positive

The next step is testing results of network training effects on final measurements when compared with other
with new data and reviewing conformity of findings with types of priming [28, 29], interaction between two
the desirable results. In case of below 80 percent treatments is significant in some cases (P < 0.05; Table 1).
accuracy, network structure should be reviewed and its Among the six levels of laser priming, the best results
problems   would    be   resolved.   Method   used   in  this obtained  at  level 45 and then at level 30 (Tables 2, 3, 4).

20:80 for five times.

Table 1: Mean squares from analysis of variance of data for germination and growth of canola var. Hayola-405 rose from seeds primed with laser and under NaCl stress

Mean Square

--------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Cotyledon Cotyledon Cotyledon Stem fresh Stem dry Leaf Leaf Leaf Total leaf Total leaf Leaf

SOV df fresh weight dry weight area weight weight saturated weight fresh weight dry weight fresh weight dry weight area

Replication 2 .024* .001** .872 .034 .001* .003 .001 .001 .238 ** .003* 199.525ns ns ns ns  ns ns

Laser 5 .002 3.185E-5 6.393 .003 4.907E-5 .016 .013 .001 .011 .001 21.476ns ns ns ns ns ns ns ns ns ns ns

NaCl 2 .007 3.158E-5 8.961 .100** .001** .025 .015 .002 .299** .006** 347.830*ns ns ns ns ns ns

Laser×NaCl 10 .007 7.261E-5 14.697 .005* 7.660E-5* .017 .011 .001 .021* .001* 54.644ns ns ns ns ns ns ns

Error 34 .007 5.134E-5 7.690 .012 .001 .018 .011 .001 .037 .001 74.496

Top stoma number Top stoma width Top stoma length Top stoma area Sub stoma number Sub stoma width Sub stoma length Sub stoma area

Replication 2 406.519* .008 .112 3.985 1021.556* .091 .084 11.954ns ns ns ns ns ns

Laser 5 135.085 .013 .148 3.094 151.544 .043 .109 8.619ns ns ns ns ns ns ns ns

NaCl 2 169.130 .022 .071 1.623 99.556* .015 .088 1.170ns ns ns ns ns ns ns

Laser×NaCl 10 162.619 .048 .075 5.940 280.067 .079 .113 10.793ns ns ns ns ns ns ns ns

Error 34 114.185 .063 .105 7.619 304.026 .066 .097 8.296

Leaf temperature Enzyme unit Sugar amount Proline amount

---------------------------------------- --------------------------------------- --------------------------------------- ----------------------------------------

Before flowering After flowering Before flowering After flowering Before flowering After flowering Before flowering After flowering

Replication 2 7.229** 6.562** 47.648** 18.445** 18.929 21.802** .118** .147**ns

Laser 5 .206 .225 2.019 .192 3.423 8.615 .003 .001ns ns ns ns ns ns ns ns

NaCl 2 1.991* .072 18.968* .452 25.160* 12.590* .044* .001ns ns ns

Laser×NaCl 10 .587 .275 6.920 1.965 11.184* 2.246* .010* .014ns ns ns ns ns

Error 34 .422 .185 4.906 1.618 7.236 3.845 .009 .010

*, ** = Significant at 0.05 and 0.01 confidence levels, respectively; ns = non-significant
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Table 2: Mean compares from analysis of average of weight amounts for germination and growth of canola var. Hayola-405 rose from seeds primed with laser
and under NaCl stress

Character
Treatment ------------------------------------------------------------------------------------------------------------------------------------------------------------------------
------------------ Cotyledon fresh Cotyledon dry Stem fresh Stem dry Leaf saturated Leaf fresh Leaf dry Total leaf Total leaf 
Laser NaCl weight (g) weight (g) weight (g) weight (g) weight (g) weight (g) weight (g) fresh weight (g) dry weight (g)

1 1 0.3893a 0.04180a 0.5050a 0.04967b 0.3910ab 0.3020ab 0.05233i 0.8507a 0.09833a
2 0.3990a 0.03370ab 0.4463ab 0.03700i 0.4883ab 0.4053ab 0.06300d 0.6470abc 0.07400a
3 0.4173a 0.03773ab 0.4050ab 0.03700i 0.3693ab 0.2677ab 0.04233n 0.5550abc 0.06833a

2 1 0.3990a 0.03637ab 0.4850ab 0.04700ef 0.6083a 0.4493a 0.07300b 0.7777abc 0.1057a
2 0.3297a 0.03380ab 0.3973ab 0.03467j 0.4363ab 0.3693ab 0.04833l 0.5217abc 0.07400a
3 0.4343a 0.03817ab 0.3590ab 0.03200l 0.4493ab 0.3527ab 0.05200i 0.5347abc 0.06233a

3 1 0.3677a 0.03390ab 0.4657ab 0.04567g 0.3327 b 0.2820ab 0.0427mn 0.6343abc 0.08767a
2 0.3777a 0.03990ab 0.4663ab 0.04833c 0.4183ab 0.3053ab 0.05400h 0.7573abc 0.1013a
3 0.3387a 0.03313ab 0.3133ab 0.03333k 0.4773ab 0.3913ab 0.05867e 0.4873abc 0.05767a

4 1 0.3950a 0.03030ab 0.4917ab 0.04733de 0.5260ab 0.3580ab 0.05733f 0.8190abc 0.1140a
2 0.4553a 0.03980ab 0.5167a 0.05567a 0.5063ab 0.4067ab 0.07100c 0.6633abc 0.09267a
3 0.3237a 0.03293ab 0.2863b 0.03167l 0.3600ab 0.2920ab 0.04300m 0.4027c 0.06367a

5 1 0.4073a 0.03497ab 0.4383ab 0.04667f 0.4217ab 0.3110ab 0.04967k 0.6850abc 0.08467a
2 0.3850a 0.03943ab 0.4550ab 0.04033h 0.4233ab 0.3117ab 0.05767f 0.7057abc 0.08133a
3 0.3090a 0.02953ab 0.3077ab 0.03433j 0.3237b 0.2140b 0.03433o 0.4983abc 0.05867a

6 1 0.4453a 0.03983ab 0.4903ab 0.04767d 0.5650ab 0.4467a 0.07567a 0.6963abc 0.09567a
2 0.3423a 0.02637b 0.4273ab 0.04000h 0.4120ab 0.3217ab 0.05600g 0.5743abc 0.06267a
3 0.3507a 0.03030ab 0.3597ab 0.03367k 0.4230ab 0.3180ab 0.05033j 0.4507bc 0.06100a

Means that have a same alphabet in the same column have no Significant distance at 0.05 confidence level in Duncan’s test

Table 3: Mean compares from analysis of average of stoma data for germination and growth of canola var. Hayola-405 rose from seeds primed with laser and
under NaCl stress

Character
Treatment --------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
--------------- Cotyledon Leaf Top Top stoma Top stoma Top stoma Sub Sub stoma Sub stoma Sub stoma
Laser NaCl area (cm ) area (cm ) stoma number width (mm) length (mm) area (mm ) stoma number width (mm) length (mm) area (mm )2 2 2 2

1 1 15.03ab 30.53ab 45.67ab 1.333a 2.250ab 9.485ab 53.33ab 1.500ab 2.333ab 11.19ab
2 15.60ab 28.17ab 37.00b 1.583a 2.417ab 12.23a 55.33ab 1.667ab 2.250ab 11.71ab
3 15.40ab 29.60ab 37.67b 1.500a 2.250ab 10.66ab 42.33ab 1.833a 2.500 a 14.39a

2 1 14.73ab 36.93ab 35.33b 1.250a 2.500a 9.813ab 52.00ab 1.833a 2.333ab 13.41ab
2 13.00ab 23.83ab 40.67b 1.333a 2.083ab 8.700ab 56.00ab 1.500ab 2.417ab 11.71ab
3 15.03ab 27.27ab 49.00ab 1.583a 2.333ab 11.64ab 72.33a 1.583ab 2.333ab 11.51ab

3 1 14.37ab 30.03ab 49.33ab 1.417a 2.000ab 8.897ab 57.33ab 1.750ab 2.167ab 11.97ab
2 13.13ab 34.80ab 46.67ab 1.417a 2.000ab 9.028ab 56.00ab 1.417ab 1.917ab 8.570b
3 15.27ab 24.10ab 36.33b 1.500a 2.000ab 9.289ab 39.67ab 1.667ab 2.417ab 12.69ab

4 1 13.20ab 36.53ab 64.33a 1.583a 2.333ab 11.77ab 67.00ab 1.583ab 2.000ab 10.01ab
2 15.20ab 37.13a 41.00b 1.417a 2.333ab 10.47ab 59.67ab 1.667ab 2.417ab 12.82ab
3 11.07b 22.43ab 44.00ab 1.333a 2.250ab 9.289ab 47.00ab 1.583ab 2.250ab 11.45ab

5 1 12.70ab 33.63ab 51.67ab 1.417a 2.167ab 9.682ab 61.00ab 1.500ab 1.833b 8.635b
2 15.87ab 31.83ab 50.67ab 1.583a 2.000ab 10.27ab 57.33ab 1.417ab 2.083ab 9.289ab
3 10.83b 23.60ab 43.00b 1.500a 2.167ab 10.20ab 46.67ab 1.500ab 2.333ab 11.25ab

6 1 17.93a 33.23ab 41.33b 1.500a 2.333ab 11.12ab 53.00ab 1.667ab 2.417ab 12.56ab
2 10.97b 26.43ab 38.00b 1.583a 2.333ab 11.71ab 54.00ab 1.833a 2.333ab 13.74ab
3 11.90b 21.83ab 48.00ab 1.333a 1.833b 7.719ab 69.00ab 1.417ab 2.083ab 9.158ab

Means that have a same alphabet in the same column have no Significant distance at 0.05 confidence level in Duncan’s test.
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Table 4: Mean compares from analysis of average of qualities amount for germination and growth of canola var. Hayola-405 rose from seeds primed with laser

and under NaCl stress

Feature

-------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Treatment Leaf temperature (°c) Enzyme unit(mgr.s ) Sugar amount (mgr.gr FW) Proline amount (Mmole.gr FW)1 1 1

--------------- --------------------------------------- --------------------------------------- --------------------------------------- ---------------------------------------

Laser NaCl Before flowering After flowering Before flowering After flowering Before flowering After flowering Before flowering After flowering

1 1 36.63bc 31.57abc 6.510a 4.860a 5.153ab 4.790ab 0.2267ab 0.1867a

2 38.03a 30.87c 1.950b 6.867a 1.157b 5.483ab 0.03667c 0.3500a

3 36.50c 31.23bc 7.343a 5.453a 8.287a 3.703ab 0.2333ab 0.2167a

2 1 37.00abc 31.33abc 6.530a 6.197a 8.327a 5.350ab 0.1933abc 0.2967a

2 37.27abc 31.57abc 5.213ab 5.720a 3.763ab 2.190b 0.1300abc 0.2433a

3 37.57abc 32.10a 4.053ab 4.787a 3.013ab 3.143ab 0.1267abc 0.2333a

3 1 37.23abc 31.37abc 5.243ab 5.610a 5.140ab 5.073ab 0.1500abc 0.2433a

2 37.47abc 31.10bc 4.627ab 6.123a 4.397ab 3.193ab 0.1267abc 0.2733a

3 36.83abc 31.70abc 6.553a 4.847a 5.293ab 1.723b 0.2000abc 0.1733a

4 1 37.90ab 31.33abc 3.937ab 6.510a 4.157ab 6.303a 0.08333bc 0.3267a

2 37.17abc 31.80ab 4.910ab 4.707a 4.213ab 4.480ab 0.1133abc 0.1567a

3 36.60c 31.40abc 8.117a 6.030a 6.740a 4.987ab 0.2733a 0.2533a

5 1 37.57abc 31.53abc 3.717ab 5.233a 3.673ab 4.123ab 0.08667abc 0.2133a

2 37.77abc 31.67abc 4.123ab 5.030a 3.143ab 3.637ab 0.1067abc 0.1867a

3 37.03abc 31.23bc 5.047ab 6.210a 3.520ab 3.340ab 0.1533abc 0.3067a

6 1 37.53abc 31.57abc 4.050ab 5.687a 3.657ab 2.787ab 0.08333bc 0.2400a

2 37.77abc 31.60abc 4.627ab 6.323a 3.200ab 3.150ab 0.09333abc 0.2800a

3 36.97abc 31.63abc 6.523a 5.567a 6.647a 1.613b 0.2067abc 0.2333a

Means that have a same alphabet in the same column have no Significant distance at 0.05 confidence level in Duncan’s test.

Comparing results from two salinity treatments, 0 and Number of stomata on the leaves shows a decline at
12 dSm , represents a decrease of about a half-percent in the third level and number of stomata under leaves1

the average weight of leaves in the high salinity treatment decrease at the second level of salinity (Table 3). Also the
(Table 2). This loss may occur for several reasons like stomata area of leaves changed from level 3 (Table 3).
reduction in photosynthetic rate due to the allocation of One of the mechanisms of salt tolerance is
photo-assimilates for adjusting osmotic pressure, accompanied by osmotic adjustment with organic
reducing  the  severity  and duration of growth [30, 31]. compounds such as sugars and proline [36]. Data analysis
The lower leaf surface under saline conditions can be of  these  compounds  shows  that  the  enzyme unit
attributed to reduced absorption of nutrients such as started to increase at first level, the proline content was
phosphorus and hormonal changes such as Auxin [13]. increased at second level and glucose content was
Charzoulakis and Loupassaki [32] reported that increased at the third level of salinity (Table 4). But nor of
successive leaves age at an increasing rate under salinity them except sugar amount were affected after flowering
stress, leads to reduction of leaf area duration and thereby (Tables 1 and 4).
reducing the leaf surface. In salinity stress conditions Earlier study, Ashrafijou et al. [37] reported that
compared to control plants, leaf area development reduces proline content was increased with laser treatments under
first and then leaves will become smaller. As a result of different levels of salinity. Stimulation of biological
lower plant leaf areas, salt intake falls and plant processes and growth is most likely to occur when the
photosynthetic capacity will reduce. So the results of this radiation dose of laser beams is high [38] during a process
study are comparable with previous findings. Salinity called 'cell pumping' [39]. On the other hand, increasing
stress significantly affects vegetative traits, particularly in proline productive cycle and enzymes affected by laser
the  total  leaf  and stem weight (P < 0.01; Tables 1 and 2) treatments -such as glutamic kinase- can lead to increase
as were seen in the other researches [33, 34, 35]. the amounts of these substances in the cells [40].
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Table 5: Error values and the accuracy of different network structures with

one hidden layer

Test accuracy (%) Validation error Train error Number of neurons

57.8 8.3424 7.8401 5

88.2 4.5950 8.8883 10

74.4 5.2755 8.0056 15

94.5 4.2666 4.8239 23

98 6.0099 9.1849 25

88.5 5.8554 5.2700 30

87.7 10.4022 14.7334 35

88.5 4.8351 7.1701 38

93.65 10.2955 2.9928 42

92.1 7.8097 4.1665 44

Ghorbani et al. [41] indicated that moles of sodium
ions are not equal with moles of chloride ions in canola
plant; in fact the chlorine supplier cations are not only
sodium. As well, the amount of chlorine ions in roots and
stems is greater than the plant total cations and in the
leaves is lower. So keep the chlorine in the lower
extremities of the plant, reducing the toxic effects in the
main photosynthetic organs. On the other side,
absorption of water [42] and minerals [43] are reduced due
to unbalanced nutrient uptake, resulting in decreasing
root development [30, 44]. However, Schmidt et al. [45]
indicated that the osmotic effect is more effectively than
ion communications in the plant tolerance.

Network Analysis: This study was undertaken to develop
an ANN to classify the data taken from the rapeseed field
and detect the effects of laser priming under salinity
stress. Multilayer perceptron network performance with
various  topology  and  different  number  of neurons in
the hidden layers were investigated. Eventually, network
structure with one hidden layer was used due to poor
results or instability of other structures. As in other
records, using three-layer MLPs was defeated caused by
probability of overlearning, high regression error and low
data correlation [46]. The results of training, evaluation
and testing with a hidden layer and a few numbers of
neurons are given in Table 5. According to the results,
best results are obtained with 25 neurons in hidden layer
because [40] the evaluation error is less than the training
error and [37] the network has a high percentage of
accuracy in testing.

If we only consider the percent of accuracy, the
network with 42 or even 23 neurons have better
performance but if the error of evaluation and training
compared, we realize overlearning problem. In recent
cases network matches with training data more  than  what

Fig. 2: Distribution of training input

Fig. 3: Distribution of validation input

Fig. 4: Results of after training

is really needed, so error is dramatically reduced. But we
have just faced to such a large error value at the end of
the evaluation process. Inevitably, this accuracy will not
be sustainable. Therefore a proper network structure is
chosen as follows, 80% of each data set was selected at
random for training and the network was trained with a
hidden layer containing 25 neurons. Figures 2 and 3 show
the desired input and output data sets before performing
any operations on them.

In opposite side, Figures 4 and 5 show coincidence
of output estimation results after training and validation.
Another noteworthy result from this study is that these
forecast values are quite close to our objectives, since the
gap between both the forecasted and estimated values are
nearly negligible in all sectors. An average percentage of
20 times performing the network is 89.15 percent correct.
With such accuracy, reliability of the network increases.
Thus due to the network capabilities such as parallel
processing in high range and considering all parameters,
using this method is more appropriate than the other
techniques applied for forecasting in agricultural fields.
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Fig. 5: Results of approximation after validation

Fig. 6: The best validation implemented

Fig. 7: Correlation's approximation of educational output performing any experiments.

To evaluate the performance of each network in demonstrated that ANN proper performance in predicting
various repetitions and orders, statistical parameters such the characteristics of living organisms such as plants [48].
as mean square error (MSE) and regression coefficient (R) In fact, the MLP neural networks are kind of static
are used. Figure 6 displays MSE for training and networks that try to simulate the data sets changed with
evaluation processes at the same time. As can be seen the the environment. The greatest benefits occur when you
best assessment is in replication 37 in which the want to look further characteristics and treated. This way,
validation error is less than the education error. only one crop planting under different environmental

It seems necessary to explain that R values have conditions let you decrease labor costs while increasing
been   obtained   with   the   best   possible  outcome accuracy and speed. Although programming with variable
(about one), considering to the distribution of the input input systems are not possible due to lack of database
data set. Figures 7, 8 and 9 graphically show the and thus hiding function coefficients between them, high
correlation function approximation. network  accuracy  obtained  in  this  study   and   similar

Fig. 8: Correlation's approximation of validation's output

Fig. 9: Correlation's approximation total test's output

CONCLUSION

This study is the first effort to use neural network in
predicting the data sets of canola morphological and
physiological characteristics. Though the advances in
artificial neural networks operation are vast and fast,
unfortunately, the only aspect of simulations and
calculations done in crop trends are just theoretical [47].
The procedure presented in this study can help us in our
experimental calculations and estimations before

The results of other studies and our study
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studies [49, 50, 51, 52]. The inherent characteristics of the 7. De Lacerda, C.F., J. Cambraia, M.A. Oliva, H.A. Ruiz
networks like having the possibility of ignoring laboratory
and personal errors, high processing speed and
generalizing make us to pursue this method in the field of
Agronomy and Plant Breeding engineering. As in other
papers the superiority of this method is shown [53].
Another shining example that draws everyone’s
admiration is demonstrated by Trenz et al. [54].

Although the methods used in this study can
considered the desired output approximately, more
studies are needed to increase the size of the database,
find better ways of programming and ensure appropriate
training. But of course, the most constructive way forward
without requiring the instruments and higher cost in
laboratories is to be able to predict the data by using
networks or model makers.
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