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Abstract
Background/Objectives: Soil is a non-renewable resourcemonitored continu-
ously to prevent degradation and obtain precision agriculture. Due to the high
cost and low efficiency of conventional field sampling and laboratory testing
models, it is hard to achieve large-scale and real-time monitoring of dynamic
soil properties. Therefore, a novel technique is introduced for enhanced predic-
tion of soil fertility.Methods: Morisita-Horn’s Feature Matching Pursuit based
Contingency Correlative Recursive Deep Neural Network (MFMP-CCRDNN) is
introduced for soil fertility prediction. Findings: Experimental assessment is
carried out on factors such as prediction accuracy, false-positive rate, process-
ing time, and space complexity. The quantitative assessment results reveal the
MFMP-CCRDNN technique attains higher prediction accuracy and lesser false
positive rate, time, and space complexity than the state-of-the-art methods.
Novelty: The Recursive Deep Neural Network is designed with multiple layers
such as one input layer, two hidden layers, and one output layer. Here, trained
the input features and data are considered from the dataset for performing the
prediction process. Initially, Input features are analyzed in the first hidden layer.
Preprocessing is carried out to eradicate noisy data. Morisita-Horn’s Feature
Matching Pursuit is to select the significant features. Then the selected features
are sent to the next hidden layer. Here, data classification is performed using a
Contingency Correlative Recursive Deep Neural Network based on McNemar’s
test. Then the classified data are sent to the output layer for accurate Fertility
Prediction with minimum time.
Keywords: Soil Fertility Prediction; Pearson Correlative Recursive Deep
Neural Network; Morisita-Horn’s Feature Matching Pursuit; McNemar’s test;
Mean square contingency coefficient
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1 Introduction
Soil physical and chemical properties play a most important role in estimating soil quality and fertility. Soil is one of the
important factors as healthy soils provide healthy yields and precision agriculture. Therefore, predicting the crop yield based on
the soil parameters is a prospective research area. Various Deep-learning-based models are broadly used to extract significant
soil features for fertility prediction. The development of deep learning approaches effectively analyzes soil features and plant
growth characteristics for predicting soil fertility. Here, soil features are considered to be soil pH, temperature, soil moisture,
potassium, phosphorus, and organic carbon.

Table 1. Summarization of literature and proposed MFMP-CCRDNN works
Method Contribution Merits Demerits Novelty of proposed MFMP-

CCRDNN
Deep Recur-
rent Q-
Network
(DRQN)

Deep Recurrent
Q-Network over the
Q-Learning rein-
forcement learning
technique (1)

Attains higher prediction
accuracy

It failed to construct a more
robust model efficiency

Recursive Deep Neural Net-
work used for enhancing the
training process

Deep Convo-
lutional Neu-
ral Networks
(DCNNs)

The soil properties
are analyzed to pre-
dict the performance
of multi-task model-
ing (2)

Accurate predictions for soil
properties

Both prediction accu-
racy and time complexity
analysis were not focused

Prediction accuracy and time
complexity were considered

Extreme
Learning
Machine
(ELM)

Various activation
functions (3)

Maximum pH classification
level

Deep feature analysis was
not performed

Recursive Deep Neural Net-
work employed for deeply
analyzing the features

Partial Least
Squares
Regression
model

Soil fertility and
productivity were
predicted through
machine learning (4)

Estimate soil’s fertility with
higher efficiency

The time consumption was
not focused

Time complexity was consid-
ered

Geographically
Weighted
Principal
Component
Analysis
(GWPCA)

Soil fertility quality
index (SFQI) analy-
sis (5)

An effective method for SFQI
assessment in large-scale
areas.

Deep learning analysis was
not performed

Recursive Deep Neural Net-
work performed for classifica-
tion

Machine
learning
techniques

Two activation func-
tions for better pre-
diction (6)

Better classification of soil
nutrient parameters

Difficult to handle huge
sizes of training samples

The huge size of training sam-
ples considered

Cuckoo–Grey
wolf-based
Correlative
Naïve Bayes
classifier

Big data classifica-
tion (7)

Enhanced data classification
process

Deep learning model fails to
attain higher result

Recursive Deep Neural Net-
work performed to enhance
accuracy

A fuzzy cor-
relative naive
Bayes (FCNB)
classifier

Correlative naive
Bayes (CNB) classi-
fier (8)

Improves the classification
performance

Prediction performance is
difficult

Contingency Correlative
Recursive Deep Neural Net-
work used for improving
prediction performance

Four machine
learning tech-
niques

ELM, ANN, classi-
fication, regression
trees and group
method of data
handling (9)

Estimation of soil tempera-
ture

It failed to use more samples
for analyzing the soil tem-
perature

Soil temperature examined by
using Mean square contin-
gency correlation coefficient

Continued on next page
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Table 1 continued
A hybrid
Fractionally
Autoregres-
sive Integrated
Moving Aver-
age (FAIMA)
and networks
(FFBPNN)

Daily soil tempera-
ture estimation (10)

Soil tem-
perature is
accurately
predicted with
minimum
error

The complexity was not
minimized

Relevant features selected with less time
using Morisita-Horn’s Feature Matching
Pursuit

Extreme
Learning
Machine
(ELM) algo-
rithm

Performs feature
selection process for
forecasting the soil
status (11)

The per-
formance
of ELM is
improved for
the prediction

It failed to improve efficiency McNemar’s test performed among the test-
ing and training features to enhance effi-
ciency

Different
machine
learning
algorithms

Prediction of Soil
organic carbon (12)

Attains higher
prediction
accuracy

It was not efficient to
enhance Soil prediction

Soil prediction improved using Recursive
Deep Neural Network

Linear mixed
model

Spatial variability
and mapping of soil
fertility status (13)

Determine
soil fertility
with higher
accuracy

Soil properties cause issues
in fertility prediction

Real-time monitoring of dynamic soil prop-
erties considered

Residual
Maximum
Likelihood
and Empirical
Best Linear
Unbiased
Predictor
(REML-
EBLUP)

The spatial pre-
diction of soil pH
value (14)

The prediction
error is mini-
mized

However, accuracy during
fertility prediction was not
focused

McNemar’s test used to improve accuracy

A regional-
scale hyper
spectral
prediction
approach

Prediction of soil
organic carbon with
spatial distribu-
tions (15)

This resulted
in higher
prediction
accuracy

But, time for classified data
was not minimized

Important features are selected using Feature
Matching Pursuit to minimize time.

An Intelligent
Data Predic-
tion (IDP)
method

Soil heavy metal pre-
diction (16)

Effectively
classifies soli
levels

However, it failed to improve
the speed and accuracy of
model

McNemar’s test is used in Recursive Deep
Neural Networks to enhance efficiency

The fuzzy con-
trol system

Based on fuzzy rules,
soil quality and fer-
tility estimation (17)

Increased
soil quality
and fertility
prediction
accuracy

The soil quality assessment
using the Deep learning
model is difficult

Recursive Deep Neural Network introduced
for soil quality assessment

Machine
learning
models

Regression and clas-
sification techniques
for crop yield predic-
tionwith score of soil
level (18)

Achieve
higher accu-
racy in soil
quality pre-
diction and
assessment

It fails to address issues on
soil level identification

Soil level identification measured using
novel feature selection and classification

Machine
Learning
Strategy

Soil nutrient predic-
tion Using Spectro-
scopic Method (19)

Prediction of
soil properties
in accurate
manner

However, predictions were
limited

Soil quality computed with Mean square
contingency correlation coefficient

Continued on next page
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Table 1 continued
Multi-target
Stacked Gen-
eralization

The soil fertility pre-
diction (20)

Soli quality
prediction
with mini-
mum error

However, it fails to achieve enhanced
prediction accuracy

Prediction accuracy improved with
Recursive Deep Neural Network

1D convolu-
tion neural
networks (1D-
CNN)-based
soil fertility
classification
method

1D-CNN-based
soil fertility classi-
fier and fertilizer
prescription (21)

Higher perfor-
mance result
of soil fertility
prediction

However, the deep learning tech-
nique failed to apply as a classifier

Recursive Deep Neural Network
employed for performing classifica-
tion

Deep regres-
sion model

Predict tea crop
yield (22)

Improve accu-
racy

However, it failed to consider space
complexity

Space complexity considered for
dimensionality reduction technique

3D-CNN
ConvLSTM
ViT named
convolutional
long short-
term memory
(ConvL-
STM), three-
dimensional
convolu-
tional neural
network
(3D-CNN),
and vision
transformer
(ViT)

Precise crop yield
forecasting (23)

Improving
decision-
making
processes

However, time was not considered Vital features chosen using Feature
Matching Pursuit with less time

Topsoil fer-
tility Exergy
appraisal

Measure soil fertil-
ity (24)

Increase accu-
racy

But, time was not minimized FeatureMatching Pursuit is used for
selecting essential features with less
time

DL and
dimensional-
ity reduction
(DR) methods

Crop yield predic-
tion (25)

Lower time However, the huge volume and
complexity of agricultural data were
major challenges

Huge datasets such as soil health
datasets considered

Optimization-
based feature
selection
and filtering
approaches

Select vital fea-
tures (26)

Improve crop
production

However, it failed to perform classifi-
cation

Classification carried out by Recur-
sive Deep Neural Network

Multi-
parametric
Deep Neu-
ral Network
(MDNN)

Accurate prediction
of crop yield (27)

Enhance
crop yield
predictive
performance

However, the time was not consid-
ered

Time focused on Feature Matching
Pursuit

Hybrid deep
learning
framework

Temporal and spatial
data extracted (28)

Enhanced
accuracy

But, it failed to improve classification
performance

Recursive Deep Neural Network
developed for increasing classifica-
tion performance

The major contributions of the proposed MFMP-CCRDNN technique are summarized as follows:

• To predict soil fertility with higher accuracy and minimized prediction time, a novel technique called Morisita-
Horn’s Feature Matching Pursuit based Contingency Correlative Recursive Deep Neural Network (MFMP-CCRDNN)
is introduced based on feature selection and classification process.

• Morisita-Horn’s Feature Matching Pursuit is applied for feature selection by theMFMP-CCRDNN technique. The novelty
of Morisita-Horn’s index is employed in the proposed MFMP-CCRDNN technique to estimate the similarity between
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two features and the range from ‘0’ and ‘1’. ‘+1’ denotes a similar feature for an accurate forecasting process whereas 0’
represents no similarity among the two features. The relevant feature is discovered and other features are eradicated from
the dataset. In this way, soil fertility prediction time and space complexity are reduced.

• Mean square contingency coefficient is utilized in the MFMP-CCRDNN technique for classification with the novelty of
McNemar’s test. The similarity between training features and testing features is measured. Based on similarity value, the
samples are classified into different classes. Types of soil fertility such as low fertile, very low fertile, medium fertile, high
fertile, and very high fertile are predicted. With this, the prediction accuracy is enhanced and the false positive rate is
minimized.

• Finally, experimental assessments are carried out with the various methods and it also helps to find that the MFMP-
CCRDNN technique outperforms the other related approaches.

The rest of the article is systematized into different sections. Section 2 reviews the related work. The description of the MFMP-
CCRDNN technique and system frameworks is detailed in section 3. Section 4 explains the experimental setup, result analysis,
and comparison with other state-of-the-art methods presented in Section 5. Finally, the conclusion is presented in section 6.

Research gap

Soil fertility prediction is described as the process of estimating various soil levels for improving a given recent plot and season
in meteorological associations. The fertility prediction helps to analyze the soil data, monitoring data, and other modeling
methods. By managing soil features level, fertility prediction is accurately performed for maintaining agricultural growth and
security globally. The utilization of a deep learning model effectively performs prediction on soil fertility in agriculture with
higher accuracy. While comparing with other machine learning models, fertility prediction is one of the most attractive and
challenging tasks in the soil agriculture field. However, conventional methods do not consider the importance of soil level and
provide issues with soil properties in different agriculture stages. Weather conditions and insect killer usage greatly influence
soil degradation. Various methods and technologies have been designed for better prediction of Soil fertility but they often face
challenges related to accuracy and time complexity in soil properties. Based on atmospheric various conditions, the classification
of sample data in fertility prediction was not sufficient.

2 Methodology
Soil fertility is themain part of soil production. Soilmanagement in agriculture research aims to enhance crop yield and dynamic
soil parameters. Various methods were employed to examine the soil prediction. However, the time of sample analysis was
higher and more challenging. Therefore, a novel technique is needed to enhance the soil fertility prediction with less time for
enhancing crop productivity. Prediction of soil parameter levels is employed to avoid unnecessary expenditure on fertilizers.
This prediction is utilized to save time for analyzing the soil health and environmental conditions. In this section, MFMP-
CCRDNN is introduced.

Figure 1 illustrates the architecture of the proposed MFMP-PCRDNN technique that consists of three phases namely
preprocessing, feature selection and classification. First, the input soil property features 𝐹 = 𝑓1, 𝑓2, …,𝑓𝑛 acquired and
collected from the soil health dataset for prediction. The soil health dataset is collected from https://soilhealth.dac.gov.in/.
At first, the preprocessing is employed to remove the noisy data and clean the data. In the second phase, the feature selection
process is carried out to improve soil quality analysis for accurate prediction. Thirdly, with the selected feature, classification
is performed using Mean square contingency coefficient based classification. Finally, a brief explanation of the process of the
proposed MFMP-CCRDNN technique is given below.

2.1 Recursive Deep Neural Networks

The recursive neural network is a kind of deep neural network used for deeply analyzing the feature and performing the
classification with the help of multiple layers. A recursive neural network is formed by applying the same set of weights
recursively over a structured input, to generate a structured prediction over variable-size input structures.The structural design
of the recursive neural network comprises neurons like the nodes that are connected from one layer to another layer to make
the entire network.

Figure 2 depicts the block diagram of a schematic structure of a Recursive Deep Neural Network to perform the soil fertility
prediction.
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Fig 1. Architecture of the Proposed MFMP-CCRDNN

Fig 2. Schematic Structure of Recursive Deep Neural Network

The above network structure includes the input layer and multiple hidden layers. The input layer consists of input of a number
of features 𝐹 = 𝑓1, 𝑓2, …,𝑓𝑛 from dataset. In the first hidden layer, preprocessing and feature selection are carried out.
Preprocessing is to eliminate noise data. The input is transformed into the first hidden layer. Followed by, the Morisita-Horn’s
Feature Matching Pursuit is performed at the first hidden layer. Then the similarity between the two features is estimated by
applying aMorisita-Horn’s index. Relevant features are identified and irrelevant features are eliminated to reduce the dimensions
of the input features. In the second hidden layer, the classification is performed with the selected features. Finally, the similarity
value is sent to the output layer where the Mean square contingency coefficient is applied to classify the results.

The activity of the neuron at the input layer is expressed as follows,

𝑖(𝑡) = 𝑏 + [∑𝑛
𝑖=1 𝐹𝑖 ∗ 𝛽 ] (1)

Where, 𝑖 (𝑡) denotes neuron activity, 𝐹𝑖 indicates the number of features, 𝛽 indicates a weight between the input and hidden
layer, ′𝑏′ indicates a bias that stored the value is +1, 𝐹𝑖 indicates features. The input is transferred into the first hidden layer
where the preprocessing and feature selection.

• Preprocessing

TheproposedMFMP-CCRDNN technique is to perform image preprocessing. Different types of noise are included in the input
data. This type of noise affects the data illustration and minimizes classification accuracy. Hence, it is necessary to remove the
high-frequency noise and provide a better visual interpretation. The preprocessing is vital to clean and transform the raw data.
It is used for removing the noisy data and cleaning the data.
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• Morisita -Horn’s Feature Matching Pursuit

The proposed MFMP-CCRDNN technique performs the feature selection using Morisita-Horn’s Feature Matching Pursuit.
Owing to the huge volume of data, dimensionality reduction is challenging. Feature selection aims to select significant features
and eliminate irrelevant features to reduce the time. Feature selection is to minimize the dimensionality of the dataset. In our
work,Morisita-Horn’s FeatureMatching Pursuit is a dimensionality reduction statistical technique used for finding the possible
projections in multidimensional data. Matching pursuit is utilized for identifying the best match of multidimensional data. The
feature matching pursuit maps the relevant features into lower-dimensional space as given below.

𝑓 (𝑥) ∶ 𝐹𝑠 → 𝑆 (2)

Where, 𝑓 (𝑥) indicates a projection Matching Pursuit to project the significant features (𝐹𝑠) related to the subset ‘𝑆’. The
significant features are identified through Morisita-Horn’s index. Morisita-Horn’s index is a statistical measure to discover the
similarity between two features. The similarity range varies from 0 or 1. Morisita-Horn’s index is computed as given below,

𝜗 = 2∗[ ∑𝑓𝑖 ∗𝑓𝑗
∑𝑓𝑖

2 +∑𝑓𝑗
2 ] (3)

From the Equation (3), Morisita-Horn’s index ‘𝜗’ is measured based on the sum of the product of paired score of two features
‘ ∑𝑓𝑖 ∗𝑓𝑗’ and the squared score of the feature 𝑓𝑖 is ‘∑𝑓𝑖

2’ and a squared score of feature ‘𝑓𝑗’ is ∑𝑓𝑗
2’. Morisita-Horn’s index

provides the output value between ‘0’ and ‘1’. The index with ‘+1’ indicates a similar feature whereas 0’ represents no similarity
between the two features.

𝜗 = {+1 Similar features
0 Dissimilar features

(4)

The value of ‘𝜗 = +1’ indicates that the features are similar whereas the value of ‘0’ indicates that the features are not similar.
Then the selected features are given as the input to the next hidden layer for data classification. In this way, more similar feature
sets are selected for classification to reduce the time complexity.

• Mean square contingency coefficient based classification

After the feature selection, classification is performed using the Mean square contingency coefficient in the second hidden
layer. The relevant feature set is utilized as the input of the next hidden layer. Classification is carried out to classify the different
classes of soil fertility levels such as Low fertile, Very Low fertile, Medium fertile, High fertile, Very High fertile. The proposed
technique uses the input as selected relevant features 𝐹 = 𝑓1, 𝑓2, …,𝑓𝑚 and the number of classes 𝐶 = 𝑐1, 𝑐2, …,𝑐𝑘. The
contingency correlation coefficient is an arithmetical measure of the relationship between two variables. It values from -1 to 1.
Themean square contingency correlation coefficient is also called as phi coefficient.Then applying theMean square contingency
correlation coefficient is to measure the correlation between the relevant features and number of classes using McNemar’s test.
McNemar’s test is a statistical test for soil fertility prediction on a matched pair of soil data. For measuring the McNemar test,
the data is placed into a 2×2 contingency table, with the cell frequencies equaling the number of pairs. McNemar’s test as given
below,

𝑟𝜑 → 𝛿 = ((𝑓𝑚 −𝑓𝑡 |2
𝑓𝑚 +𝑓𝑡

] (5)

From Equation (5), ‘𝛿’ denotes McNemar’s test results, ‘𝑟𝜑’ represents Mean square contingency correlation coefficient. The
mean square contingency correlation coefficient is defined as the mean square of the difference between the relevant features
‘𝑓𝑚 ‘ and the testing feature value ‘𝑓𝑡’. The output of the coefficient returns a value between −1 and +1. Therefore, the hidden
layer output is obtained as follows,

𝑅 (𝑡) = [∑𝑛
𝑖=1 𝐹𝑖 ∗ 𝛽 ]+ [𝛽 ∗ 𝑅 (𝑡−1)] (6)

Where, 𝑅 (𝑡) indicates an output of a hidden layer, 𝑅 (𝑡−1) indicates output from the previous hidden layer and ‘𝛽 ‘indicates
the weight of the layers, 𝐹𝑖 represents the input feature value. Here, the same set of weights is recursively used over a structured
input. The classification output is obtained at the output layer,

𝑌 = [𝛽 ∗ 𝑅 (𝑡)] (7)
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Where ‘𝑌 ’ denotes an output of the recursive deep neural network,𝛽 indicates a similar weight between hidden and output,
𝑅 (𝑡) indicates an output of a hidden layer. In this way, the soil fertility level is correctly predicted with higher accuracy based
on the correlation coefficient.

The algorithmic process of MFMP-CCRDNN is described as given below:

Algorithm 1 given above explains the step-by-step process of soil fertility prediction using a RecursiveDeepNeural Network.
The number of features is collected from the dataset. After that, the dimensionality reduction technique called Morisita-Horn’s
Feature Matching Pursuit is applied to select the more relevant features in the first hidden layer to minimize the time as well
as space complexity. Followed by, the classification is performed using Mean square contingency correlation. Based on the
correlationmeasure, the soil fertility level is correctly predicted in the second hidden layer.This in turn increases the prediction
accuracy.

3 Results and Discussion
The experimental evaluation of proposed MFMP-CCRDNN, existing DRQN (1), DCNN (2), Deep Regression (22) , and 3D-CNN
ConvLSTMViT (23) are implemented using Java for soil fertility prediction using soil health dataset collected from https://soilhe
alth.dac.gov.in/ during the period 2016–2017 for Erode district, Tamil Nadu. This dataset consists of 15 attributes and a total of
more than 5000 instances from the soil sample test report. The Sample No, Soil pH value, electrical conductivity (EC), Organic
carbon (OC), Nitrogen (N), Phosphorus (P), Potassium (K), Sulphur (S), Zinc (Zn), Iron (Fe), Copper (Cu), Manganese (Mn),
Calcium (Ca), Boron (B) and Class (Very high/ High/ Medium/ Low/Very low). Among the 15 features, more relevant features
are selected for classification. For the experimental evaluation, 5000 to 50000 numbers of samples are considered as input.
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Cross-validation is to calculate the performance of themodel’s ability to carry out unseen data.The aim of cross-validation is
to improve the model generalization. By using cross-validation, the dataset is divided into two sets namely training and testing.
More data samples (70%) are used for training and the remaining (30%) are considered for testing. In our work, the 10-fold
cross-validation is employed to estimate the results.

The performance results of MFMP-CCRDNN are compared to existing methods with various metrics such as soil fertility
prediction accuracy, false-positive rate, soil fertility prediction time, and space complexity. The different graphical results show
the performance results of the proposed and existing methods.

• Soil fertility prediction accuracy: It is defined as the number of samples accurately predicted through the classification
to the total number of samples. The accuracy rate is measured as follows.

𝑆𝐹𝑃 𝑎𝑐𝑐 = (∑𝑛
𝑖=1

𝑆𝑎𝑐𝑐𝑝𝑟𝑒𝑑
𝑆𝑖

∗100) (8)

Where, 𝑆𝐹𝑃 𝑎𝑐𝑐s denotes soil fertility prediction accuracy, 𝑆𝑎𝑐𝑐𝑝𝑟𝑒𝑑 denotes the number of samples accurately predicted, the
number of samples provided as input ‘𝑆𝑖’ for experiments. It is measured in terms of percentage (%).

• False- positive rate: It is measured as the number of soil samples that were incorrectly predicted to the total number of
samples. This is mathematically estimated as given below.

𝐹𝑃𝑅 = (∑𝑛
𝑖=1

𝑆𝑤𝑟𝑜𝑛𝑔𝑙𝑦𝑝𝑟𝑒𝑑
𝑆𝑖

∗100) (9)

Where ‘𝐹𝑃𝑅’ denotes a false positive rate, ‘𝑆𝑤𝑟𝑜𝑛𝑔𝑙𝑦𝑝𝑟𝑒𝑑’ denotes samples wrongly predicted, 𝑆𝑖 denotes the total number
of samples. It is measured in terms of percentage (%).

• Soil fertility prediction time: It is defined as the amount of time consumed by the algorithm to perform Soil fertility
prediction through classification. It is mathematically expressed as given below.

𝑆𝐹𝑃 𝑡𝑖𝑚𝑒 = ∑𝑛
𝑖=1 𝑆𝑖 ∗𝑇 𝑖 𝑚𝑒 [𝑆𝐹𝑃 ] (10)

Where, 𝑆𝐹𝑃 𝑡𝑖𝑚𝑒 denotes a soil fertility prediction time, ‘𝑆𝑖’ denotes the number of samples considered for simulation,
‘𝑇 𝑖𝑚𝑒 [𝑆𝐹𝑃 ]’ denotes a time involved in predicting soil fertility. It is measured in terms of milliseconds (ms).

• Space complexity: It is defined as the amount of memory space consumed by the algorithm to perform Soil fertility
prediction through classification. It is measured using the following formula,

𝐶𝑜𝑚𝑝𝑆𝑝𝑎𝑐𝑒 = ∑𝑛
𝑖=1 𝑆𝑖 ∗𝑀𝑒𝑚 [𝑆𝐹𝑃 ] (11)

Where, 𝐶𝑜𝑚𝑝𝑆𝑝𝑎𝑐𝑒 denotes a Space complexity, ‘𝑆𝑖’ denotes the number of samples considered for simulation, ‘𝑀𝑒𝑚 [𝑆𝐹𝑃 ]’
denotes a memory involved in predicting soil fertility. It is measured in terms of megabytes (MB).

Table 2. Soil Fertility Prediction Accuracy

Number of samples Soil fertility prediction accuracy (%)
MFMP-CCRDNN DRQN DCNN Deep Regression 3D-CNN ConvL-

STM ViT
500 92 86.6 88 90 91
1000 91.8 85 87 88 89.5
1500 92 86.66 88.66 89.66 90

Continued on next page
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Table 2 continued
2000 91.5 85.5 88 88.75 89.25
2500 91.2 86.4 88.4 89.2 89.8
3000 91.66 84.66 88.33 89.33 90.33
3500 92.28 87.14 89.71 90.85 91.28
4000 91.25 85.25 87 88 90.62
4500 91.33 84.66 88.66 89.77 90.55
5000 93 86 89 89.8 90

Table 2 given above provides the soil fertility prediction accuracy results using MFMP-CCRDNN and existing DRQN (1),
DCNN (2), Deep Regression (22), and 3D-CNN ConvLSTM ViT (23). It is obvious from Table 1 that the MFMP-CCRDNN
provides higher soil fertility prediction accuracy than the existing methods. With this, the Soil fertility prediction accuracy
using MFMP-CCRDNN was found to be 92%, 86.6% (1), 88% (2), 90% (22), and 91% (23). Followed by, various results are observed
for each method with different counts of input samples. Finally, the performance of MFMP-CCRDNN is compared to existing
methods.The comparison results prove that the soil fertility prediction accuracy ofMFMP-CCRDNN is considerably increased
by 7% when compared to (1), 4% when compared to (2), 3% when compared to (22), and 2% when compared to (23). The reason
behind the improvementwas the application ofMean square contingency correlation in aRecursiveDeepNeuralNetwork based
on McNemar’s test. The McNemar’s test is performed between the testing and training features and returns the classification of
different fertility levels with higher accuracy.

Fig 3. Graphical plot of false-positive rate

Figure 3 illustrates the performance result of the false-positive rate versus a number of samples in the ranges from500 to 5000.
As shown in Figure 4, ‘𝑥’ axis represents the number of samples and ‘𝑦’ axis represents the false positive rate.The pink, green, sky
blue, yellow, and blue color denotes the MFMP-CCRDNN technique, existing DRQN (1), DCNN (2), Deep Regression (22), and
3D-CNN ConvLSTM ViT (23) . When taking 500 samples for the experimental process, 50 samples are incorrectly predicted
using the proposed MFMP-CCRDNN technique. For that reason, the proposed MFMP-CCRDNN technique achieves 8%
FPR whereas conventional (1,2,22,23) are observed as 13.4%, 12%, 10% and 9% respectively. In the same way, other runs are
calculated in order to investigate the soil fertility prediction performance of the proposed MFMP-CCRDNN technique and the
existing two methods. Compared to all three methods, the proposed MFMP-CCRDNN provides better performance in terms
of achieving the minimum false positive rate. From this simulation result, the false positive rate using MFMP-CCRDNN is said
to be comparatively minimized by 42%, 30%, 23%, and 16% when compared to (1,2,22,23) . The reason behind the minimum false
positive rates was owing to the application ofMcNemar’s test results used in theMean square contingency correlation coefficient
with the training features and the testing feature value.Moreover, the performance of RecursiveDeepNeuralNetwork effectively
analyzes the feature value and minimizes the incorrect classification of soil fertility level.
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Table 3. Soil Fertility Prediction Time
Number of
samples

Soil fertility prediction time (ms)
MFMP-
CCRDNN

DRQN DCNN Deep Regression 3D-CNN ConvLSTM
ViT

500 27.5 36 34 31.5 30
1000 32.5 52.5 46.5 42.6 34.6
1500 38.25 56.25 50.25 48.75 45
2000 53 69.76 63.1 60.81 58.3
2500 61.25 81.5 71.37 69.5 65.75
3000 67.5 85.8 79.65 78.52 69.13
3500 75.25 89.95 85.92 83.1 78.25
4000 84.2 99.52 94.2 92.8 88.2
4500 92.47 110.25 101.02 99.92 97.55
5000 102.2 115 106.5 111.5 107.5

Theperformance results of the soil fertility prediction time of five different techniques namelyMFMP-CCRDNNand existing
DRQN (1), DCNN (2), Deep Regression (22), and 3D-CNNConvLSTMViT (23) are shown in Table 2.The observed results indicate
that the MFMP-CCRDNN minimizes the soil fertility prediction time. After obtaining the ten results, the observed time
consumption of the MFMP-CCRDNN technique is compared to the results of existing methods. The average of ten results
indicates that the proposed MFMP-CCRDNN technique reduces the overall time consumption by 22%, 15%, 13%, and 7% as
compared to the (1,2,22,23), respectively. From the obtained result, the soil fertility prediction time of all the methods is slowly
increased while increasing the number of input samples for different runs. But comparatively, the prediction time gets reduced
using the MFMP-CCRDNN technique. The major reason is to apply the dimensionality reduction technique called Morisita-
Horn’s Feature Matching Pursuit for selecting the significant features and removing the other features from the dataset for soil
fertility level classification to minimize the time consumption.

Fig 4. Graphical plot of Space complexity

Finally, Figure 4 shows the space complexity with respect to a number of samples. For simulation purposes, the number of
samples is considered ranging from 500 to 5000. In the figure, ‘𝑥’ axis denotes the number of samples and ‘𝑦’ axis represents the
space complexity of proposed and existing methods. However, with the simulations conducted for 500 samples, the memory
consumed for predicting the space complexity was found to be 0.025, 0.042, 0.035, 0.032 and 0.028 using the MFMP-CCRDNN
technique, existing (1,2,22,23).With this, the space complexity usingMFMP-CCRDNNwas found to be 12.5𝑀𝐵, 21𝑀𝐵 using (1),
17.5𝑀𝐵 using (2), 16using (22) and 14𝑀𝐵 using (23). Also, the various results are measured by getting different counts of input
samples. From this observed result, the space complexity using MFMP-CCRDNN is said to be comparatively minimized by
22%, 13%, 11%, and 6% when compared to (1,2,22,23) respectively. The reason behind the minimum space complexity was owing
to the application of finding the relevant features for classifying the different soil fertility levels. As a result, the proposedMFMP-
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CCRDNN technique consumes less memory space for predicting the soil fertility level.

4 Real-Time Applications
Agriculture is a real-time application area in India for crop yield prediction based on soil properties. In agriculture, soil fertility
prediction is a significant process for providing superior crop productivity. Since the soil characteristics are diverse from area
to area. MFMP-CCRDNN technique is proposed in this research work for precise analysis of soil fertility in an application
area of agriculture. The proposed MFMP-CCRDNN technique is used to remove noise and deeply examine soil features in the
first hidden layer with preprocessing and Morisita-Horn’s Feature Matching Pursuit concepts. Significant features are chosen in
less time. Next, second hidden layer employs a classification process. Contingency Correlative Recursive Deep Neural Network
classifies data with higher accuracy.

5 Conclusion
An efficient MFMP-CCRDNN technique is introduced to enhance the classification of samples for predicting soil fertility and
productivity with minimum time. The main objective of soil fertility prediction is achieved with the application of Morisita-
Horn’s Feature Matching Pursuit and Mean square contingency coefficient-based classification process. The proposed Deep
Neural Network comprises three processes namely preprocessing, feature selection, and classifier process. At first, noisy data is
removed from the dataset by using preprocessing. Morisita-Horn’s Feature Matching Pursuit is performed to discover the most
relevant features from the dataset. After selecting relevant features, a Contingency Correlative Recursive Deep Neural Network
based on McNemar’s test is applied to effectively classify data points. Here, McNemar’s test is carried out to classify data for
accurate Fertility Prediction with minimum time. Hence, the MFMP-CCRDNN technique effectively classifies the soil sample
data for accurate prediction of soil fertility level. The comprehensive experimental assessments are carried out with respect to
a number of samples based on metrics of soil fertility prediction accuracy, false-positive rate, soil fertility prediction time, and
space complexity. The results of the proposed technique is conducted and compared with two conventional algorithms. The
observed results have confirmed that the proposed MFMP-CCRDNN technique has higher soil fertility prediction accuracy
with minimized false-positive rate, soil fertility prediction time, and space complexity than the other state-of-the-art methods.
However, the various parameters such as precision, recall, and F-measure are not considered. Also, the proposed MFMP-
CCRDNN technique is considered only one dataset. In future work, a novel deep learning method will be used to consider
different parameters and datasets for finding the soil fertility level with less time.
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