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Abstract: Maize (Zea mays subsp. mays) is the staple food crop in the world. In this study, multi-
layer perceptron (MLP), support vector machine (SVM), genetic algorithm-based multi-layer per-
ceptron (MLP-GA), and genetic algorithm-based support vector machine (SVM-GA) hybrid artifi-
cial intelligence algorithms were used for the prediction of drought tolerance and stress tolerance
indices in teosinte maize lines. Correspondingly, the gamma test technique was applied to deter-
mine efficient input and output vectors. The potential of developed models was evaluated based on
statistical indices and graphical representation. Results of gamma test based on the least value of
gamma and standard error indices show that day of anthesis (DOA), day of silking (DOS), yield
index (YI), and gross yield per plant (GYP) information vector arrangements were determined as
efficient information vector combination for drought-tolerant index (DTI) as well as the stress-tol-
erant index (STI). The results of MLP, SVM, MLP-GA, and SVM-GA algorithms were compared
based on statistical indices and visual interpretation that have satisfactory for prediction of the
drought-tolerant index and stress-tolerant index in maize crop. It has also seemed that genetic algo-
rithm-based hybrid models (MLP-GA and SVM-GA) were found a better prediction of the drought-
tolerant index and stress-tolerant index in maize crop. Similarly, the SVM-GA model has the highest
potential to forecast the DTI and STI in maize crops as compared to MLP, SVM, MLP-GA models.

Keywords: Drought tolerance index; Stress tolerance index; MLP; SVM; MLP-GA; SVM-GA; Ge-
netic Algorithm

1. Introduction

Agriculture is vulnerable to climate change and at the global level, climate change is
a major concern and climate change has adverse impacts on food production, quality, and
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food security [1]. The importance of staple food as cereals among people around the world
is widely recognized. Maize (Zea mays subsp. mays) belongs to the Poaceae family, which
is an important staple cereal crop for food, livestock feed, and biofuels at a global level.
After the green revolution, again there is a challenge as well as responsibility in front of
plant breeders to increase the production of maize to provide sufficient food for the fast-
growing world population. As data published by USDA, the world’s maize production
was 1070.51 metric tonnes during 2016-17 and the total acreage of maize production was
183.76 million hectares with the productivity of 5.83 tonnes/ hectare. Maize is the third
most important cereal crop in India after rice and wheat. India is one of the major maize
producing countries in the world with a production of 26 million tonnes and productivity
of 2.71 tonnes per hectare in the year 2016-17, from an area of about 9.6 million hectares.

The maize crop is sensitive to several biotic and abiotic stresses. One of the main
deterrents for considerable yield loss in maize is its susceptibility to abiotic stresses, in-
cluding drought, which leads to reduce production. Maize is growing across the globe
and the most deleterious among abiotic stresses, which restrict crop production, is con-
sidered as drought stress [2] and 20-25 percent of maize cultivation area is affected by
drought throughout the world [3]. To feed the empty stomach of the world's growing
population, there is an urgent need to develop climate-proofing genotypes to combat
these abiotic stresses. The world’s agriculture is facing different abiotic problems in a dif-
ferent area and the large area is affected by moisture stress during the life span of crop
due to the erratic behaviour of climate. The focus should be given to simplifying the con-
cept of the genetics of complex mechanisms of drought.

Therefore, the term and mechanism of drought should be well understood. Drought
in terms of agriculture may be defined as a specific condition whereby there is the una-
vailability of adequate moisture content in the soil at different stages of plant growth to
meet their needs [4]. The meaning of drought tolerance in the case of any plant species is
generally understood in terms of their survival, but when we talk about crop species,
productivity should always be determinant [5]. The mechanism of drought tolerance is
quite complex and complicated due to the involvements of several factors and hence,
therefore, selection for drought tolerance is always a tedious job due to interactions be-
tween genotypes and environmental factors, which restricts knowledge about the mech-
anism, contribution of different factors and interactions among factors of tolerance [6].
Under drought stress, there is a significant change in the physiology of cells and finally,
the response of crop species ultimately affects leaf water content, transpiration rate, leaf
rolling, photosynthesis, and water use efficiency (WUE). Due to a lack of sufficient infor-
mation about mechanisms of drought tolerance, drought tolerance can be quantified
based on grain yield under dry conditions [7]. The nature of the drought is unpredictable
and erratic. Now the recurrent nature becomes a permanent feature under the global cli-
mate change scenario. Therefore, it is an urgent need to predict the occurrence of drought
stress. Hence, our hypothesis was to develop a novel hybrid model to predict the drought-
tolerant indices and stress-tolerant indices.

Artificial intelligence is widely employed in a variety of fields, including computer
science, robotics, engineering, medical, translation, economics, business, and psychology.
Several investigations in the literature reveal that artificial intelligence in modeling ap-
proaches produce findings that seem to be close to the actual information when solving
linear, complex, as well as other systems. We review the present state-of-the-art and ad-
vancements in artificial intelligence modeling for various natural processes such as wilt-
ing point [8], soil temperature [9,10], soil moisture [11], evaporation [12-15], soil permea-
bility [16-18] evapotranspiration [19], silt [20], solar radiation [21], water quality [22],
stage-discharge [23] and runoff [24] that affect to crops at different stages. It was found
that no effective model was developed in past to predict drought and stress-tolerant indi-
ces for any crops except the regression-based model. The prediction potential of the re-
gression-based model was very low as compared to artificial intelligence (AI) [25,26].

Therefore, artificial intelligence techniques are used to develop a reliable model for
the prediction of drought and stress-tolerant indices in the current study. Multilayer
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perceptron (MLP) and support vector machine are the most popular and wildly used ar-
tificial intelligence techniques in the last few decades to solved various problems. Dar-
bandi and Pourhosseini [27] used the Gamma test to determine the optimal input arrange-
ment of the systems, and subsequently, MLP and hybrid multilayer perceptron were also
used to estimate periodic stream flows for such a series of time increments employing
actual data. The results suggested that the hybrid multilayer perceptron model was ac-
ceptable for periodic stream flows modeling in the research area, while the MLP model
performs poorly in comparison to the hybrid multilayer perceptron model. Heddam et al.
[28] studied the utility and capability of four different Al models. The results of Al models
showed to be strong and useful techniques for forecasting pigment concentration concen-
trations using simply water quality indicators as variables. Oliveira et al. [29] studied the
applicability of MLP and remote sensing for the estimation of coffee tree volume using
vegetative indices from various areas of plants. The results suggested that the perfor-
mance of MLP and remote sensing were satisfactory for the estimation of coffee tree vol-
ume. Mehmet et al. [30] used the SVM and MLP model for the prediction of drought and
also compared the potential of empirical decomposition and the different wavelet net-
works. Sareh et al. [31] studied the five different Al and Hybrid Al algorithms to predict
water infiltration. The results indicated that the performance of hybrid Al models, as well
as Al models, were seen to be good, and also hybrid AI models perform well in compari-
son to conventional Al models. After review the potential application of artificial intelli-
gence and in various fields, we decide that multilayer perceptron, support vector ma-
chine, and their hybrid with genetic algorithm models can be used to develop a novel
prediction model. It is necessary to develop a novel approach for forecasting drought and
stress tolerance indices for crops. Hence, our hypothesis was to develop a novel hybrid
model for the prediction of the drought-tolerant indices and stress-tolerant indices based
on multilayer perceptron (MLP), support vector machine (SVM), genetic algorithm-based
hybrid multilayer perceptron (MLP-GA), genetic algorithm-based hybrid support vector
machine (SVM-GA) models. Also, superior input-output combinations were developed
via gamma test.

2. Materials and Methods

2.1. Data collection

The current investigation was performed at N. E. Borlaug Crop Research Centre, G.
B. Pant University of Agriculture and Technology, Pantnagar, Uttarakhand. The planting
materials were wild progenitor teosinte (Z. mays ssp. parviglumis) and a maize inbred line
DI-103. Teosinte as a pollen parent and maize inbred line DI-103 were crossed in Kharif,
2015 and one backcrossed with DI-103 as a recurrent parent to develop BCiF1 lines and
subsequently in Kharif, 2016 selfing was done to produce 203 BC1F: lines which were eval-
uated in the rabi, 2016-2017 for drought tolerance. The present investigation comprised
evaluation of 203 lines, each progeny of a single plant. The lines were sown on 13t Febru-
ary 2017 in rabi season for evaluation. These lines were grown as a single row in two en-
vironmental situations i.e., irrigated and moisture stress condition during rabi, 2016-17 for
the phenotyping of morpho-physiological traits associated with drought tolerance. The
moisture stress was created before flowering and after sixty-one days of plant stand in the
field. The rain data revealed that on 16t May there was a rain of 29 mm. Each row was
2 m long and 75 cm apart. The observations were taken for different morphological traits
i.e., drought-tolerant index, Day of anthesis, day of silking, day to senescense, Plant
Height, Ear length, Number of Kernel, gross yield per plant, stress-tolerant index to quan-
tify the drought tolerance. The drought tolerance index and stress tolerance index were
calculated with the following formula:
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Where, DI = Drought tolerance index, Ys = yield in stress for each genotype, Yp =
yield in non-stress conditions for each genotype, and Ys= yield mean in stress for all

genotypes, Y p = yield mean in non-stress conditions for all genotype [21].

_YxYp @)
Yp

DI

Ys = stress yield of a given genotype and Yr= optimal (potential) yield of a given

genotype, Y= average yield of all genotypes under stress, and Y= average yield of
all genotypes under optimal conditions [9].

2.2. Artificial Intelligence Techniques

Artificial Intelligence (AI) approaches based on data are showed promise in model-
ing and forecasting complicated natural processes, including in handling significant vol-
umes of dynamic nature and uncertainty hidden in datasets. Al-based models with these
kinds of qualities are ideally suited to agricultural, hydrological, environmental, and var-
ious modeling challenges. Probability, classification, Logic, and statistical learning-based
approaches have mostly been utilized, and also various kinds of search engine optimiza-
tion and mathematical programming. In the hydro-climatologic and environmental sec-
tors, two subsets of Al have been widely used i.e., MLP and SVM. SVM stands for support
vector machine. It's a data mining technique [32]. It resolves classification issues by em-
ploying a flexible representation of class borders, implementing an automatic difficulty
system to minimize overfitting, and locating a single global minimum in a distributed
manner [33-35]. MLP is an information processing technique that is based on a mathe-
matical theorem and also is inspired by the natural processes of the human brain and
nervous system. In a typical MLP, there are multiple layers: input, output, and hidden.
Each layer contains numerous neurons, which serve as the network's basic construction
pieces. The input layer contains the variables being investigated, whereas the output layer
contains the system outputs. The hidden system handles a transfer function that trains
and processes the nodes of input parameters [24].

2.3. Hybrid artificial intelligence Algorithm Based on GA

The GA is a stochastic optimization method that is devoid of derivatives and is in-
spired by natural selection and biological evolution. It outperforms other optimization
methods in many ways. It can be used to solve issues in both continuous and discrete
optimization. The GA method is less prone to get stuck in local minima than the Al
method. It's a population-inspired computational model. It's a population genetics-in-
spired learning algorithm. It has primarily been utilized as a function optimizer, and that
was seen to be a useful global optimization method, particularly for multi-model and non-
continuous processes. Because a large amount of literature on MLP-GA and SVM-GA has
already been published in previous research [36-38], we just cited it in this part. Figures
1(A&B) show a schematic representation of the suggested hybrid algorithms. That model
outlines hybrid artificial intelligence (MLP and SVM) learning technique that uses the GA
to optimize the network's hyperparameters. The GA tunes every one of the network's hy-
perparameters by encoding them onto a lengthy chromosome. The Al technique is then
utilized to train the network as a result of the GA procedure. The hybrid Al learning al-
gorithm's process is outlined Figure 1.
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Figure 1. A & B Flow diagram of hybrid MLP-GA and SVM-GA algorithms.

2.4. Statistical Indices

The performance of the developed models was evaluated based on the following
indices [39].

2.4.1. Root mean square error
Sy (T~ T, ©
n

RMSE =

Where T: is observed data series, Tp is simulated data series, n is the number of ob-
servations.

2.4.2. Root mean square error

2 _ [@ 4)
—LssT

Where SSR is sum of squares regression, SST is sum of squares total.

2.4.3. Coefficient of efficiency

r (T -T,)° (5)

CE=1- ——
?:1(Tp - Tp)

Where T, is average of the observed data series and Y, is average of simulated data
series.

2.4.4. Willmott's index of agreement

?zl(Tt B Tp)z (6)

WI=1- - __
(T = T + 1T = Te)
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3. Results and Discussion

3.1. Gamma test (GT)

The gamma test is developed a non-linear relation between information (input) and
yield (output) vector based on the minimum mean squared error in data [40]. The selection
of relevant information and yield vector combination is the very crucial stage in any mod-
eling because irrelevant information vector creates a large amount of uncertainty in the
model [20]. Therefore, in the present research work, we are applied GT to find an appro-
priate relation between yield vector i.e., drought-tolerant index (DTI) and stress-tolerant
index (STI), and information vector i.e., day of anthesis, day of silking, day to scensence,
plant height, ear length, number of kernel and gross yield per plant. Based on the least
values of the gradient, SE, and gamma, we found an applicable relation between infor-
mation and yield vector. Number of arrangements of information vector (day of anthesis,
day of silking, day to scensence, plant height, ear length, number of kernel, and gross yield
per plant) were examined to evaluate their impact on yield vector (drought tolerant index
and stress-tolerant index) which significant amalgamations are presented in Table 1.

Table 1. Gamma test results for input variable selection.

Model Output/Input combination Gamma Gradient SE
D-1 DTI=f (DOA, DOS, DTS, PHt, EL, NK, GYP) 0.0085 0.0470 0.0029
D-2 DTI=f (DOA, DOS, DTS, EL, NK, GYP) 0.0071 0.0466 0.0020
D-3 DTI=f (DOA, DOS, DTS, EL, GYP) 0.0060 0.0427 0.0045
D-4 DTI=f (DOA, DOS, DTS, EL, NK,) 0.0077 0.0538 0.0021
D-5 DTI=f (DOA, DTS, PHt, EL, NK, GYP) 0.0093 0.0468 0.0041
D-6 DTI=f (DOA, DOS, YI, GYP) 0.0042 0.0452 0.0016
D-7 STI=f (PHt, EL, NK, YI, GYP) 0.0056 0.0508 0.0035
S-1 STI =f (DOA, DOS, DTS, PHt, EL, NK, GYP) 0.0026 0.0550 0.0041
S-2 STI=f (DOA, DOS, DTS, EL, NK, GYP) 0.0071 0.0497 0.0037
S-3 STI=f (DOA, DOS, DTS, EL, GYP) 0.0042 0.0689 0.0033
S-4 STI=f (DOA, DOS, DTS, EL, NK,) 0.0038 0.0810 0.0027
S-5 STI=f (DOA, DTS, PHt, EL, NK, GYP) 0.0053 0.0791 0.0035
S-6 STI=f (DOA, DOS, YI, GYP) 0.0021 0.0434 0.0026
S-7 STI =f (PHt, EL, NK, YI, GYP) 0.0062 0.0561 0.0037

*DTI= drought-tolerant index, DOA=Day of anthesis, DOS= day of silking, DTS= day to scensence, PHt= Plant Height, EL = Ear
length, NK= Number of kernel, GYP= gross yield per plant, YI= Yield index, STI= stress-tolerant index.

The results of the gamma test indicate that values of gamma, SE, and gradient were
varied from 0.0042 to 0.0093, 0.0452 to 0.0538, and 0.0016 to 0.0045 respectively for DTI
vector; 0.0021 to 0.0062, 0.0434 to 0.0810, and 0.0026 to 0.0037 respectively for STI vector.
As a final point, the D-6 model with the arrangement of DOA, DOS, YI, and GYP infor-
mation vector was elected as the final appropriate information vector amalgamation for
DTI yield based on the least value of gamma indices. Similarly, the S-6 model with DOA,
DOS, Y], and GYP information vector was preferred as the best information vector amal-
gamation for STI yield vector based on the least value of gamma indices. The gamma, SE
and gradient value were originated as 0.0042, 0.0452 and 0.0016, respectively for D-6
model; as 0.0021, 0.0434 and 0.0026 respectively for D-6 model.

3.2. Artificial intelligence techniques

This In this study, the two most popular artificial intelligence algorithms namely
MLP and SVM, and also their hybrid with genetic algorithm were applied to predict
drought-tolerant index and stress-tolerant index of maize. The parameter and algorithms
which are used in the development of Al models given in Table 2.


https://doi.org/10.20944/preprints202201.0415.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 January 2022

Table 2. Parameter of different AI models.

Model Parameter of the algorithms for DTI Parameter of the algorithms for DTI

MLP The transfer function is tan hyperbolic, Learning  The transfer function is tan hyperbolic, Learning
rule is delta bar delta, Rate of learning is 0.2, Mo- rule is delta bar delta, Rate of learning is 0.2, Mo-

mentum values is 0.1, Neuron in hidden layer mentum values is 0.1, Neuron in hidden layer

19, Iteration is 1000, Hidden layer in structure = 23, Iteration is 1000, Hidden layer in structure =

1 1
SVM SVM type: regression, Kernel function: Radial SVM type: regression, Kernel function: Radial
Cast: 11, Gamma: 0.25 Cast: 13, Gamma: 0.25
MLP-GA GA (Population size: 30, Generation: 100, Cross- ~ GA (Population size: 32, Generation: 100, Cross-
over: 0.9, Mutation: 0.001) over: 0.9, Mutation: 0.001)
MLP (Rate of learning is 0.2, Momentum values MLP (Rate of learning is 0.2, Momentum values
is 0.1, Neuron in hidden layer 32, Iteration is is 0.1, Neuron in hidden layer is 51, Iteration is
1000, Hidden layer in structure = 1) 1000, Hidden layer in structure = 1)
SVM-GA GA (Population size: 30, Generation: 100, Cross-  GA (Population size: 40, Generation: 100, Cross-

over: 0.90, Mutation: 0.001)
SVM (Kernel function: Radial Cast: 31, Gamma:
0.1)

over: 0.90, Mutation: 0.001)
SVM (Kernel function: Radial Cast: 18, Gamma:
0.1)

doi:10.20944/preprints202201.0415.v1

Based on tan hyperbolic function and delta bar delta learning rule, alone MLP model
was developed, whereas, in the hybrid MLP-GA model, the hyperparameters such as
learning rate, the neuron in the layer, and a hidden layer of MLP model were find based
on genetic algorithm. Similarly, the alone SVM model was developed through radial func-
tion, while in the hybrid SVM-GA model, hyperparameters viz. cast and gamma were
optimized using a genetic algorithm. The hybrid models were ignored to overfitting prob-
lematic of alone MLP and SVM models. It is observed that the ML model was found the
best result at learning rate (0.2), momentum (0.1), neuron (19), and hidden layer (1), as a
result, architecture of the best MLP model (4-19-1). Where, the first layer (4), the second
layer (19), and third (1) are information vector (DOA, DOS, NK, and GYP), the neuron in
the hidden layer, and yield vector (DTI) respectively. Also, the architecture of the best
MLP model was 3-23-1 for the prediction of STI. The best architecture of the SVM model
was 3-C11-1 and 3-C13-1 respectively, for DTI and STI prediction. The novel MLP-GA
hybrid model was found the best architecture (4-32-1) at population size (30), generation
(100), crossover (0.9), and mutation (0.001) for prediction of DTI in maize while the best
architecture (4-51-1) at population size (32), generation (100), crossover (0.9) and mutation
(0.001) for prediction of STI in maize. Correspondingly, the best architecture of SVM-GA
models was 3-C31-1 and 3-C18-1 respectively, to simulate DTIT and STI of maize.

The performance of developed MLP, SVM, MLP-GA, and SVM-GA models were ex-
amined based on least values of error i.e., RMSE (0 values show perfect prediction and +eo
shows poor prediction) and largest values of NSE (values close to 1 point out good per-
formance and 0 for poor performance), R? (1 for perfect correlation and 0 for no correla-
tion) and WI (1 for perfect agreement and 0 to no agreement). The models were also as-
sessed based on optical observation based on line diagram, scatter plot, Taylor diagram,
and discrepancy ratio scatter plot. The Taylor diagram is provided by three different in-
dices i.e., RMSE, correlation of coefficient and standard deviation on the single visual plat-
form for companion of the various model. The whole information and yield data were
fragmented into two groups. The first group was applied for training purposes (to cali-
brate the model and also to find model parameters) and the second group for testing pur-
poses (to validate the developed model).

The results of the MLP model which is obtainable in Table 3, the values of RMSE, R2,
NSE, and WI during the training period are 0.041, 0.839, 0.836, and 0.946 respectively and
during the testing, the period is 0.025, 0.839, 0.799 and 0.932 respectively for prediction
DTI. Also, the SVM model has values of RMSE (0.038), R2(0.855), NSE (0.855), and WI
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(0.957) during the training period and RMSE, R?, NSE, and WI were 0.023, 0.886, 0.830,
and 0.936 respectively during the testing period for DTI.

Table 3. Results of different AI models for drought-tolerant index.

Model Training Testing
RMSE R2 NSE WI RMSE R2 NSE WI
MLP 0.041 0.839 0.836 0.946 0.025 0.839 0.799 0.932
SVM 0.038 0.855 0.855 0.957 0.023 0.886 0.830 0.936
MLP-GA 0.028 0.921 0.921 0.978 0.020 0.910 0.890 0.964
SVM-GA 0.013 0.984 0.984 0.996 0.018 0.916 0.892 0.966

In this study, we have also used the hybrid of MLP with a genetic algorithm (GA)
and check the hybrid efficiency. In the MLP-GA model has the best values of RMSE, R?,
NSE and WI were RMSE (0.013), R?(0.921), NSE (0.921), and WI (0.978) for the period of
training, and for the testing period, these values were 0.020, 0.910, 0.890 and 0.964 respec-
tively. Using another hybrid of support vector machines with a genetic algorithm (SVM-
GA) was used to predict the DTI of maize crops. In the SVM-GA model, the best values of
RMSE, R?, NSE, and WI were 0.018, 0.984, 0.984, and 0.996 respectively for the training
period and RMSE (0.018), R?(0.916), NSE (0.992), and WI (0.966). After comparing the re-
sults of MLP, SVM, and their hybrid models based on algebraic indices, it can say that the
overall performance of artificial intelligence techniques very good for DTI prediction of
maize. Also, the MLP model has poor performance as compared to the SVM model for the
prediction of DTIL. It also seemed that genetic-based hybrid models i.e., MLP-GA and
SVM-GA models have better performance with the comparison of alone MLP and SVM
models during training and testing periods for DTI prediction of maize.

In this study, stress tolerance index (STI) was predicted based on MLP, SVM, and
their hybrid with genetic algorithm. In MLP and SVM models, we were used a trial-and-
error approach to find the hyperparameters of MLP and SVM models while MLP-GA and
SVM-GA models were applied genetic algorithms to optimize hyperparameters of MLP
and SVM models. The quantitative results of MLP, SVM, MLP-GA, and SVM-GA models
which are presented in Table 4, the best RMSE values were found 0.044, 0.044, 0.037, and
0.018 respectively, for MLP, SVM, MLP-GA, and SVM-GA models during training time
and 0.023, 0.017, 0.015 and 0.009 respectively, for MLP, SVM, MLP-GA, and SVM-GA
models during the testing time; R? values were found 0.824,0.826, 0.885 and 0.972 during
the training phase and 0.884, 0.919, 0.944 and 0.978 during a testing time for MLP, SVM,
MLP-GA, and SVM-GA models respectively; the maximum NSE values were 0.824, 0.826,
0.878 and 0.970 during the training period and 0.815, 0.898, 0.928 and 0.973 during the
testing period for MLP, SVM, MLP-GA, and SVM-GA models respectively; the best WI
values were found 0.946, 0.946, 0.959 and 0.991 respectively, for MLP, SVM, MLP-GA, and
SVM-GA models during training time and 0.933, 0.976, 0.982 and 0.992 respectively, for
MLP, SVM, MLP-GA, and SVM-GA models during testing time.

Table 4. Results of MLP and different AI models for stress-tolerant index.

Model Training Testing
RMSE R2 NSE WI RMSE R2 NSE WI
MLP 0.044 0.824 0.824 0.946 0.023 0.884 0.815 0.933
SVM 0.044 0.826 0.826 0.946 0.017 0.919 0.898 0.976
MLP-GA 0.037 0.885 0.878 0.959 0.015 0.944 0.928 0.982
SVM-GA 0.018 0.972 0.970 0.991 0.009 0.978 0.973 0.992

After comparing performance MLP, SVM, MLP-GA, and SVM-GA models, it can be
concluded that the performance of all developed models was very good based on statisti-
cal indices [41]. The MLP model has poor performance as compared to the SVM model for
the prediction of stress tolerance index (STI) in maize plants. Also, novel hybrid models
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based on genetic algorithms have better performance than alone MLP and SVM models.
The MLP-GA model has low performance as compared to the SVM-GA model whereas
better performance than MLP and SVM models. The SVM-GA model has the best perfor-
mance to all applied models for the prediction of stress tolerance index (STI) in maize
plants. Therefore, the SVM-GA model (4-C18-1) can be used in the future for the predic-
tion of stress tolerance index (STI). Similar results of MLP and SVM models, as well as
genetic algorithm-based MLP and SVM models, were found by many researchers. Akram
and Fatemeh [36] assessed the capability of different optimization algorithms for the sim-
ulation of daily evaporation. The results showed that the performance of hybrid models
superior to other models. Stamenkovi¢ [42] used the MLP and SVM model for the simu-
lation of phosphate and nitrate in surface water. The performance of both models was
good to predict the water quality of surface water. Rahgoshay et al. [43] studied sus-
pended sediment concentration using SVM and SVM-GA models. It was suggested that
the performance of SVM was improved after applying a genetic algorithm for the predic-
tion of suspended sediment concentration. Massah et al. [44] used SVM and hybrid SVM
models to predict the yield of kiwifruit. The results indicated that the potential of the SVM
improved with a hybrid algorithm for the prediction of the yield of kiwifruit.

The performance of developed MLP, SVM, MLP-GA, and SVM-GA models was also
evaluated based on qualitative assessment. The qualitative assessment was done through
visual observation of line diagram, scatter plot, Taylor diagram, and discrepancy ratio
scatter plot. The line diagram indicates from Figure 2 and 3 that the predicted drought
tolerance index (DTI) by MLP and SVM models slightly deviates from observed drought
tolerance index whereas predicted drought tolerance index through MLP-GA and SVM-
GA models similar to observed predicted drought tolerance index. Similarly, scatter plots
shows that the predicted values of drought tolerance index through MLP and SVM mod-
els were deviated from the 1:1 (X=Y) line but predicted values of drought tolerance index
through MLP-GA and SVM-GA models were less deviation. It was also depicted from
Figure 4 and 5 (Taylor diagram during training and testing periods), MLP and SVM mod-
els have high RMSE and standard deviation form observed and low correlation coefficient
than novel hybrid models. The discrepancy ratio value ranges from -1 tol, minus value
indicates under prediction, plus value shows over prediction and zero discrepancy ration
indicates perfect prediction by models to observe [10,20]. In the same way, it was observed
from Figure 6 and 7, MLP and SVM models have a high deviation of discrepancy ration
value from zero in comparison to hybrid MLP-GA and SVM-GA models.
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Figure 3. Line and scatter diagram of different artificial intelligence techniques for drought tolerant index.

Overall visual interpretation indicates that the SVM-GA model was accurately pre-
dicted to stress tolerance index and stress tolerance index than other models. From Fig. 8,
the surface 3D diagram plots of stress tolerance index and stress tolerance index with yield
index and gross yield production indicate that stress tolerance index and stress tolerance
index surface 3D plots of observed and predicted were similar with each other.
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Also, concluded that stress tolerance index and stress tolerance index were increased
with increasing value of yield index and gross yield production. The results of this re-
search reflected that this can be considered as a solution to predict agricultural drought
concerning maize crops. To decide strategies regarding drought, monitoring of drought
is an essential element that will provide us early warnings of drought. National food se-
curity is the priority of any nation and for that prediction of drought will help the agricul-
ture sector for better management of drought. The loss in the production of crops like
maize due to drought can depend on the intensity of drought, their duration, and the most
important the growth stages of crop plants. This novel hybrid model will help to predict
drought in maize crop and give information which might be helpful for farmers to avoid
or minimize the production loss. The novel hybrid model is prepared based on data input
of teosinte introgressed maize lines.

The novel hybrid model will help in the assessment and development of drought
stress tolerant varieties by predicting the drought and stress tolerance indices. Therefore,
plant breeders will able to evaluate the genetic worth of the genotypes. This will fulfil
the prime goal of a farmer i.e., development of such varieties which will grow in the wide
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range of climatic conditions. This drought and stress tolerance indices predicting model
will provide the assistance in the identification along with selection of highly stable gen-
otypes and high-yielding under the drought condition. The combination of drought and
stress tolerance indices may be more valuable selection criteria for improving drought
tolerance.

4. Conclusions

The important tools to monitor and measure drought events are the drought-tolerant
index and stress-tolerant index. In this study, four conventional and hybrid artificial in-
telligence algorithms were applied to predict drought tolerance and stress tolerance indi-
ces for maize crops. Also, gamma test-based input and output vectors were selected. It
was indicated from gamma test results that the arrangement of DOA, DOS, YL, and GYP
information vector was elected as the final appropriate information vector amalgamation
for DTI yield based on the least value of gamma indices. Similarly, DOA, DOS, YI, and
GYP information vectors were preferred as the best information vector amalgamation for
STI yield vector based on the least value of gamma indices. It was concluded based on
statistical indices and visual interpretation that results of MLP, SVM, MLP-GA, and SVM-
GA algorithms have satisfactory for prediction of the drought-tolerant index and stress-
tolerant index in maize crop. It has also appeared that genetic algorithm-based hybrid
models (MLP-GA and SVM-GA) were found to better prediction of the drought-tolerant
index and stress-tolerant index in maize crops. Similarly, the SVM-GA model has the
highest potential to forecast the DTI and STI in maize crops as compared to MLP, SVM,
MLP-GA models. After analysing the results of MLP, SVM, MLP-GA, and SVM-GA algo-
rithms, it can say that artificial intelligence-based algorithms can be used for the predic-
tion of drought-tolerant and stress-tolerant indices in maize crop. It is also suggested that
artificial intelligence-based algorithms can be used in the future for forecasting drought-
tolerant and stress-tolerant indices in different crops. The effect of drought on crop pro-
duction can be evaluated through crop models. These models are nothing but mathemat-
ical equation give information about the relationships between crop growth, production,
management technology, and climatic condition. The present research represents the use
of a novel hybrid model for predicting drought-tolerant index and stress-tolerant index to
assess the drought on maize yield loss and this model will be very helpful for researchers
and policymakers.
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