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Abstract: India is one of the largest agricultural countries in the world. It contributes major production of pulses and spices and is
considered one of the powerhouses of agriculture. However, the agriculture sector is facing the challenges such as soil degradation,
low productivity, variations in the monsoons, lack of agriculture infrastructure, water scarcity and irrigation. There are several
methods to find soil profile prediction such as field observation, soil sampling analysis, Pedogenesis model, remote sensing, and
machine learning algorithms. Among these model, machine learning algorithm is one of the emerging trends because of scalability,
adaptability, versatility, robustness and continuous improvement. In this regard, an Improved Regression by Discretization
Algorithm (IRDA) is used to predict the soil profile of an agriculture unit for the better cultivation. The accurate value of PH,
presence of essential nutrients , and the nature of soil are determined using IRDA algorithms. The performance of IRDA algorithm
is compared with other popular machine learning algorithms using cover coefficient, mean absolute error, and root relative square
errors.
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1. Introduction

India's agricultural sector boasts a rich and storied history, tracing its roots back an impressive ten thousand
years. Today, it stands as the globe's second-largest producer of agricultural goods, playing a pivotal role in the nation's
GDP and providing employment for nearly half of its workforce. Although its contribution to the GDP has experienced
a gradual decline over time, agriculture remains the cornerstone of India's socioeconomic progress, underscoring its
enduring importance in the country's developmental landscape. With projections indicating that India's population will
exceed 1.5 billion by 2030 [1], the demand for resources, particularly food, has surged substantially. Despite over half
of India's populace being engaged in agricultural activities, the sector confronts numerous hurdles. These challenges
range from unsustainable farming practices and inadequate adoption of technology to constrained market accessibility
and the looming threat of insufficient food production to meet the needs of the expanding population. Soil profile
prediction is of utmost importance for the agricultural sector as it enables farmers to make informed decisions and
implement sustainable farming practices. By studying the composition and characteristics of soil at various depths,
farmers can effectively optimize their crop selection, irrigation methods, fertilization strategies, and soil management
techniques. Soil profile prediction is crucial in agriculture. It helps farmers choose the right crops, manage water,
maintain soil fertility, prevent degradation, and implement precise farming techniques. Effective soil profile prediction
supports sustainable farming practices by promoting soil health and biodiversity.
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Predicting soil profiles involves looking at soil in the field, testing it in labs, and sometimes using models. Soil
scientists dig holes to see soil layers and note details like color, texture, and depth. This helps them understand soil
better. Soil can also be put into categories based on its properties, like how the USDA does it. Scientists take soil
samples from different depths and check them for things like texture and pH. This gives them more clues about what
the soil profile might look like. Models can also help, like ones that show how soil forms over time. Tools such as
ground-penetrating radar let scientists see below the surface. Satellite images help map soil properties over large areas.
Geographic information systems (GIS) [2] help bring together different kinds of data for better predictions. Experts
use their experience and what they see in the field to add to predictions. Advanced methods like Machine Learning
(ML) [3] analyze big sets of data to predict soil profiles better. The ML techniques used for soil profile prediction is
shown in Fig. 1. Machine learning algorithms analyze soil data to predict profiles more accurately, allowing farmers
to make better decisions about crop selection, irrigation, and fertilization. This accuracy helps optimize crop
management, reduces input waste, and improves productivity. Machine learning predictions also aid in identifying
areas at risk of degradation, erosion, or nutrient depletion, enabling farmers to mitigate these risks. Additionally,
machine learning algorithms provide real-time monitoring of soil conditions, empowering farmers to make timely
adjustments to their agricultural practices, resulting in better outcomes.

Linear IRDA
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ML Algorithms for
soil profile
prediction
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Linear
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Addictive
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Fig. 1.ML algorithms for soil profile prediction

There are several ML algorithms such as linear regression, Simple linear regression, additive regression, and
IRDA are used for the agricultural application like soil profile prediction. In this research, the implementation of
IRDA in the soil profile prediction is illustrated with justification. The entire research paper is divided as follows:
Section Il describes extensive literature review; Section Il elaborates detailed methodology, Section IV presents the
results and discussion, and Section V concludes the paper.

2. Literature Review

2.1 Artificial Neural Network based soil profile prediction

S. Selvalakshmi et al, utilized Artificial Neural Networks (ANNs) [4] to forecast Soil Profiles across five
regions of Sudan, drawing upon information gathered from 417 sites. Authors developed ten models for each zone,
integrating depth and coordinate data as inputs, while soil classification and parameters served as outputs. Their
investigation affirmed that ANNSs serve as valuable decision support mechanisms for soil profiles, particularly in
localized applications.

In their research, investigated the efficacy of Artificial Neural Network in discerning soil nutrient levels and
pH with remarkable efficiency. To acquire essential data, authors utilized the Soil Test Kit (STK) and Rapid Soil
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Testing (RST) provided by the Bureau of Soils and Water Management. Employing an artificial neural network
approach, the researchers expedited the process of delivering precise outcomes.

Y. Liu et al. demonstrated ingenuity in employing empirical methods to evaluate historical rainfall data and its
correlation with diverse atmospheric variables across different regions of the nation. Commonly employed techniques
for weather forecasting encompass regression, artificial neural networks, fuzzy logic, and group statistics [5].
Furthermore, the authors harnessed advanced data mining techniques such as clustering and classification to enhance
rainfall prediction.

2.2 Soil prediction using Decision Tree techniques

J. S. Parra et al, have innovated a system designed to aid farmers by furnishing them with pertinent information
regarding their soil conditions. Understanding the soil's nutrient composition holds paramount importance in
optimizing crop yield. Soil toxicity poses a significant threat to soil nutrients and crop vitality. The system anticipates
soil toxicity levels and duly notifies farmers. Given the substantial reliance of many farmers on rainfall for agricultural
activities, the system further offers recommendations regarding suitable crops, soil fertility levels, and water supply
based on prevailing soil conditions. The precision of both the sensor and the classification algorithm [6] employed in
the recommendation system is crucial. To circumvent challenges associated with power supply, the integration of a
solar panel system stands as a viable solution.

Y. Wang et al., employ data mining [7] classification techniques to forecast soil types. Various algorithms like
JRip, J48, and Naive Bayes are utilized for this purpose. These classifier algorithms are employed to glean insights
from soil data, with a focus on two main types: Red and Black soils. Among these algorithms, JRip stands out for its
superior performance in accurately classifying a maximum number of instances within the soil dataset. Consequently,
the authors advocate for the adoption of JRip as the preferred method for predicting soil types.

2.3 Additioanl methods to predict soil profile

J. Bu et al., delved into an irrigation technique reliant on soil moisture content, incorporating a flow sensor.
This system encompasses a closed-loop automatic irrigation mechanism [8], coupled with temperature and water
usage monitoring. Users can conveniently establish desired moisture thresholds and receive real-time updates on all
parameter values via an LCD display. P. Kotak et al., employed data mining methodologies within the domain of soil
science to uncover valuable correlations among different soil types. They meticulously curated a subset of soils from
the World Soil Science Database for their investigation. Their methodology entailed the application of a clustering
technique utilizing the WEKA tool [9] to categorize soils according to their salinity levels. Through this process, they
garnered insights into the varying degrees of salinity across different soil types.

A. Tabatabaeenejad et al., introduced a novel retrieval algorithm aimed at estimating Root Zone Soil Moisture
(RZSM) [10]. This algorithm leverages reflectometry signals at L-band, P-band, and their combinations to achieve
precise RZSM estimates. Initially, they employ an RZSM profile scattering model incorporating both coherent and
incoherent scattering components. To address this, their team previously devised numerical and approximate
analytical techniques. Subsequently, they establish a link between polarimetric scattering cross-sections and circularly
polarized DDM observations [11]. The subsequent phase involves solving the inverse problem for surface soil
moisture and RZSM utilizing single frequencies (L- and P-band) and their combinations within a reasonable
observation timeframe. To tackle this, they utilize a robust inversion method developed within their research group,
employing a hybrid of global and local optimization approaches. Following this, they conduct an exhaustive sensitivity
analysis to assess the efficacy of individual frequencies and their combinations for soil moisture inversion at both
surface and root zone levels. They then demonstrate the application of this methodology to actual Signals-of-
Opportunity (SoOp) data [12], to the extent feasible. Furthermore, they advocate for the combined utilization of GNSS
and MUQOS for RZSM retrieval based on their findings.

3. Methodology

811



Precision agriculture employs autonomous processes to gather and analyze data, aiming to enhance farming
practices. This includes employing data mining techniques to extract novel insights. While soil sampling offers
valuable insights for agronomic decisions, it can prove costly and time-intensive. In instances where field conditions
mirror those of neighboring fields, conducting soil tests for all fields may be redundant. Utilizing data mining
techniques allows for the examination of various soil profiles and the monitoring of factors impacting crop yield.
These methods prove valuable in classifying soil data, forecasting soil maps, and identifying soil salinity. Leveraging
data from neighboring fields enables the prediction of soil characteristics and the completion of missing values in soil
profiles, thereby mitigating soil sampling expenses. The pH value of the soil plays a major role in selecting crops for
cultivation. Some crops, such as pineapple, blueberries, and potatoes, thrive in acidic soil, while others like cabbage,
garlic, spinach, and lettuce are best suited to basic soil. Soil testing is carried out by a private laboratory located in
Palakkad, Kerala. The analysis includes important elements such as Nitrogen, Phosphorus, Potassium, Iron, Zinc,
organic carbon, Manganese, copper, electrical conductivity, and PH values. These attributes are taken into
consideration during the data collection process. The IRDA technique utilizes historical data collected from soil testing
centers to identify soil profile features.

3.1 IRDA Algorithm

IRDA comes under regression method which finds the relation between dependent variable and independent
variable. The main setbacks of conventional regression methods are multicolinearity, limited flexibility, over lifting
or under lifting, difficulty with missing data, and difficulty in deal with large scale data. To overcome those difficulties,
IRDA algorithm is proposed for the application of soil profile prediction. The steps involved in the IRDA algorithm
is shown in Fig.2

Fig. 2 Flow diagram of IRDA algorithm

The application of the IRDA algorithm on the Palakkad soil training dataset facilitates soil profile prediction.
Initially, the dataset undergoes pre-processing to address any missing values. Following this, the algorithm enters the
training phase, where it formulates rules for soil profile prediction. Once these rules are established, users can input
values for a single record to predict the soil profile. Subsequently, the testing phase is implemented, utilizing the
training rules to predict the soil profile for the entered record. Moreover, users have the option to input a testing dataset
for Soil Profile Prediction, which undergoes the IRDA Testing phase. This phase utilizes the training rules to predict
the soil profile for the entered testing dataset, enhancing the algorithm's predictive capabilities.
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The algorithm for predicting soil profile begins by loading the training dataset (TrD) and pre-processing it to
eliminate any missing values, which results in a refined dataset (PPTrD). In the training phase (TR), the algorithm
employs the modified regression by discretization (MRD) to generate training rules (TR). Users can input single record
values (SR) for soil profile prediction once the rules are established. These values undergo prediction using the training
rules, resulting in soil profile prediction for a single record (SPP_SR).

The algorithm also allows users to load a testing dataset (TeD) for soil profile prediction [13]. The testing
dataset is subjected to the MRD testing phase using the established training rules, yielding soil profile predictions for
the entire dataset (SPP_TeD). The provided predictions include categories such as low, medium, and high, offering
comprehensive insights into soil profile characteristics.

3.2 Soil profile prediction using IRDA algorithm

The Regression By IRDA is employed in soil profile prediction, leveraging a robust training dataset comprising
30,000 records. In its predictive process, the algorithm first loads the training dataset, conducting pre-processing to
eliminate any instances of missing data. This meticulous preparation ensures the integrity and reliability of the
subsequent model. Once the model is established, it undergoes rigorous testing using multiple records representing
diverse soil types. Through this comprehensive testing, the algorithm validates its predictive capabilities across various
soil profiles, demonstrating its efficacy and versatility in soil analysis [14].

Sample Data Set

CLS | B Mn Cu Fe Zn S K P N OoC EC PH

2 0.1 361 | 094 |6.75 1.08 12.10 582.5 25 1015 | 010 | 028 |7.11

1 0.1 326 | 093 |589 |0.82 12.10 | 292 10 945 021 | 021 |7.10

2 0.1 3.85 1.12 6.13 | 0.92 12.47 | 2825 | 38.75 | 1155 | 025 | 0.25 | 7.00
0 0

2 0.1 3.61 116 | 691 1.02 1259 | 285.0 | 25 112 0.18 | 027 | 7.00

1 0.10 | 3.73 1.09 | 4.15 1.12 1259 | 2975 | 10 9450 | 008 | 023 |7.13

This meticulous preparation ensures the integrity and reliability of the subsequent model. Once the model is
established, it undergoes rigorous testing using multiple records representing diverse soil types. Through this
comprehensive testing, the algorithm validates its predictive capabilities across various soil profiles, demonstrating
its efficacy and versatility in soil analysis. The sample data set is shown in the Table 1. Table 1 displays a concise
dataset featuring data and attribute values obtained from a soil testing laboratory, specifically focusing on alkali soils.
Soil attributes play a pivotal role in facilitating plant growth, with properties like soil pH, texture, moisture level,
calcium carbonate content, and organic matter content exerting substantial influence on plant development. The details
of after applying discretization are presented in the Table 2.

Data set after applying discretization

SI.No Data after applying discretization
(63.92-71.86]

(55.98-63.92]

(48.04-55.98]

(40.1-48.04]

(32.16-40.1]
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(24.22-32.16]
(16.28-24.22]
(8.34-16.28]
(-inf-8.34]

Discretization [15] is the process of converting continuous data into a finite set of intervals and specific data
values. It simplifies the management and evaluation of data for machine learning algorithms that handle only discrete
data. The table 3 depicts data conversion.

Data Conversion

(165.53-329.36] | (-inf-49.05] (90.8-116.4] (-inf-5.045] (-inf-0.468] (-inf-8.34]
'(<inf-0.816] (2.96-4.39] (0.702-1.038] | (4.852-7.228] | (-inf-7.818] (-inf-25.468]
(165.53-329.36] | (-inf-49.05] (90.8-116.4] (-inf-5.045] (-inf-0.468] (-inf-8.34]
'(-inf-0.816] (2.96-4.39] '((0.702-1.038] | (4.852-7.228] | (-inf-7.818] (-inf-25.468]
(165.53-329.36] | (-inf-49.05] (90.8-116.4] (-inf-5.045] (-inf-0.468] (-inf-8.34]

The table 3 gives a clear picture on how the PH range changes. Once the data conversion is taken place,
IRDA algorithm is applied. The results are obtained in terms of three parameters such as high, medium and low. The
results are presented in Table IV. Table 1V was updated by specifying the intervals as low, medium, and high instead
of using infinite intervals. This categorization helped predict and compare results with other classifiers, leading to a
detailed discussion of the outcomes.

Regression by IRDA

SI.No Parameters Attributes
>7.5 Alkaline High
6.5 to 7.5 Neutral Medium
<6.5 Acidic Low

3.3 Performance validation of IRDA algorithm

In order to compare the performance of IRDA algorithm quantitatively, the parameters such as Mean
Absolute Error (MAE), Cover Co-efficient (CC), Root Mean Square Error (RMSE), Root Absolute Error (RAE), and
Root Relative Square Error (RRSE) are calculated for each algorithm [16]-[20]. The MAE is used to evaluate the
performance of predictive model which can be evaluated using (1)

1
MAE = -¥i.;  |yi =il (2)

In the equation (1), n is the number of observations, y’ is the predicted value of observation i, yi is the actual
value of observation i. MAE must be minimum for a robust algorithm. The Coverage Coefficient measures data
dispersion around the mean. The CC is calculated using the equation (2)

_ S tan dard Deaviation <100
Mean (2)

CcC

RMSE is a common metric in statistics and machine learning to evaluate a predictive model's accuracy. It calculates
the average difference between predicted and actual values. RMSE is evaluated using (3)
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RMSE = /lzn:(yi -y
nia ®)

Root Absolute Error (RAE) is a metric to evaluate prediction accuracy. It measures the average difference between
predicted and actual values, irrespective of error direction. RAE is calculated using the equation (4)

RAE =

4)

Here, yi denotes actual value, y’ represents predicted value, represents the mean of actual values, and n is the number
of observations. RRSE is a metric to evaluate a model's prediction accuracy by comparing the RMSE of predicted
values with that of a simple baseline model. RRSE is calculated using the equation (5)

RRSE =

Q)

4. Results and Discussion

The IRDA is implemented and validated using Waikato Environment for Knowledge Analysis (WEKA) and
Net Beans [21]. The system configuration is Intel core i-5, 8 GB RAM, and 1.90 GHz . First, the data was divided
into a training dataset comprising 80% of the data and a testing dataset containing the remaining 20%. Next, k-fold
cross-validation was applied to the training dataset to ensure robust model evaluation. Hyperparameters were then
selected based on their performance across the k validation sets. The best-performing model was trained using the
entire training dataset. Subsequently, an unbiased performance estimate was obtained by evaluating the model on the
testing dataset. To further refine the model, it was trained again using the complete dataset. Finally, the finalized
model was utilized to make predictions on future data.

First, the dataset is checked for missing values, noisy data, and other inconsistencies to prepare it for the
algorithm. This step is crucial for creating a machine learning model. Once the data is pre-processed, it's used to train
and make predictions. The trained data set taken from the model is presented in the Fig.3

. Fig.3 Trained data set
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In the next phase, IRDA is applied accordingly and predicted the soil profile. The attributes used for the soil
profile prediction is high, medium and low. The soil profile prediction is presented in the Fig.4

Individual Group Performance ‘

Sulfux FPredict

Mes: J—— ‘
Electrical Conductivity oz essage ~— —
' Predicted Result - Medum EC Low

2 1 ‘
. oK i
Organic Carbon D25 L

Copper

|
Fhosphoru 28 AManganese 385 Cu - Low

Fig.4 Soil profile prediction result

As observed in the Fig.4, only one type of soil is analysed in the individual tab, whereas more number of soil
is compared in the group tab. The performance tab is used for comparing the performance of algorithms other than
IRDA. The result obtained during the testing phase is shown in Fig.5. The IRDA algorithm carries out the IRDA
Testing phase, predicting soil profiles for the testing dataset using training rules. The performance of the proposed
system is then evaluated by comparing it with other ML algorithms such as Simple Linear Regression, Regression by
Discretization, Linear Regression, and Additive Regression [22]-[25] to determine the best results.

[ inanvidusl | Group | Performance

Pradict
PH . EC, 00 NP IK.S . Zn Fo,CL

0.10 ,101 60 ,25 00 ,282
')

5,109 373 010
D ,1.14 ,2.80 ,0.10
111,392 010
108 407 010
60,101 246 010
66 .1 14 428 010

Fig.5 Testing phase of soil profile prediction

There are 30000 records in the data sets, which covers 80% Palakkad district, Kerala, India. The data is collected
by government and non-governmental organizations across districts. The model is implemented using Waikato
Environment for Knowledge Analysis. Initially, the performance of IRDA algorithm is verified in the environment.
The results obtained using IRDA algorithm is compared with Linear Regression (LR), Simple Linear Regression
(SLR), Regression by Discretization (RD), and Additive Regression (AR). It is desirable to compare the performance
of selected ML algorithms using for accurate soil profile prediction.In this regard, performance of ML algorithms are
compared using the quantitative techniques such as Mean Absolute Error (MAE), Cover Co-efficient (CC), Root Mean
Square Error (RMSE), Root Absolute Error (RAE), and Root Relative Square Error (RRSE) [26-29]. The calculations

are performed using the mathematical equations illustrated in the equations from (1) to (5). The comparative result
using MAE is shown in Fig.6
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Fig.6 Comparison of ML algorithms using MAE

As compared to other ML algorithms, MAE of IRDA algorithm is less which enhance the superiority in
accuracy. Both the LR and SLR shows MAE comparatively high where AR shows moderate MAE in their
performance. The performance analysis of the ML algorithms using Root Mean Square Error (RMSE) is illustrated in
Fig.7
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Fig.7 Comparison of ML algorithms using RMSE

It is observed that RMSE is highest in the case of LR algorithm whereas IRDA shows minimal value of
RMSE.RMSE must be at the minimum for a convenient ML algorithm. The Root Absolute Error (RAE) is another
important parameter for the performance comparison of ML algorithm. RAE should be as minimum as possible for a
desirable algorithm. The RAE of ML algorithms is depicted in Fig.8

817



100 -

i \/ﬁ

80

70
60 /\ — IRDA
50 = LR
/ N  =SLR

40 +

30

20

10

Root Absolute Error (RAE) in percentage

0 T T T T T 1
2500 5000 10000 15000 20000 25000 30000

Number of records

Fig.8 Comparison of ML algorithms using RAE

The Root Relative Squared Error (RRSE) is another important parameter for the performance comparison of
ML algorithms used for specific application like soil profile prediction system. The RRSE of ML algorithms are
illustrated in the Fig.9
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Fig.9 Comparison of ML algorithms using RRSE

It is found that RRSE is minimum in IRDA and highest in LR algorithm. Another important parameter is Cover
Co-efficient (CC) which indicating the strength and direction of relationship with the target variable. The higher value
of CC indicates deterministic output which is desirable for an efficient ML algorithm. The CC of ML algorithms
selected for this research is shown in Fig.10

818



120

%)
=T1]
1
< 100 e ——
@
o~
H
2
g 307
%) = [RDA
© 604 — LR
-
=)
£ 40 - — AR
@
=]
O
5 20
-
[=]
)
0,

2500 5000 10000 15000 20000 25000 30000

Number of records

Fig.10 Comparison of ML algorithms using CC

The CC must be highest for a desirable ML algorithm. As per the analysis, CC is highest for IRDA algorithm
which helps for accurate prediction and decision making. While considering LR and SLR, the value of CC is
consistently poor and not admissible to all the circumstances. However, AR shows moderate performance in CC
determination. It is found that IRDA is most convenient ML algorithm for accurate soil profile prediction.

5. Conclusions

The agriculture sector plays major role in the economy of India. The ML algorithms help to overcome a few
challenges faced by the agriculture sector. Improved Regression by Discretization Algorithm (IRDA) is a powerful
ML algorithm helps to predict the soil profile of an agriculture unit for the better cultivation. In this research work,
IRDA is implemented using Waikato Environment for Knowledge Analysis (WEKA) and Net Beans by using 30,000
records in the data sets, which covers 80% Palakkad district, Kerala, India.The performance of IRDA algorithm is
validated by comparing the performance of other ML algorithms such as Linear Regression (LR), Simple Linear
Regression (SLR), and Additive Regression (AR). The important statistical parameters such as Mean Absolute Error
(MAE), Cover Co-efficient (CC), Root Mean Square Error (RMSE), Root Absolute Error (RAE), and Root Relative
Square Error (RRSE) are evaluated for each ML algorithm. It is found that IRDA algorithm has superior performance
over other ML algorithm. The Cover Coefficient of IRDA is highest compared to other algorithm so that soil profile
prediction becomes more accurate. Waikato Environment for Knowledge Analysis (WEKA) and Net Beans are the
helpful tool to compare the performance of various ML algorithms. The accurate value of PH, presence of essential
nutrients , and the nature of soil can be accurately determined using IRDA algorithm.
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