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Abstract—The moisture level in the soil in which maize is grown is crucial to the plant's health and production. And over 60% of India's 

maize cultivation comes from the states of South India. Therefore, forecasting the soil moisture of maize will emerge as a crucial factor for 

regulating the cultivation of maize crops with optimal irrigation. In light of this, this research provides a unique Improved Hybridized Machine 

Learning (IHML) model, which combines and optimizes several ML models (base learners-BL). The convergence rate of all the considered BL 

approaches and the preciseness of the proposed approach significantly enhances the process of determining the appropriate parameters to attain 

the desirable outcome. Consequently, IHML contributes to an improvement in the accuracy of the overall forecast. This research collects data 

from districts in South India that are primarily committed to maize agriculture to develop a model. The correlation evaluations served as the 

basis for the model's framework and the parameter selection. This research compares the outcomes of BL models to the IHML model in depth 

to ensure the model's accuracy. Results reveal that the IHML performs exceptionally well in forecasting soil moisture, comprising Correlation 

Coefficient (R2) of 0.9762, Root Mean Square Error (RMSE) of 0.293, and Mean Absolute Error (MAE) of 0.731 at a depth of 10 cm. 

Conceptual IHML models could be used to make smart farming and precise irrigation much better. 

Keywords- Ensembling Strategy, Error Margin, Moisture Content, Prediction, Maize Cultivation, Temperature, Rainfall, Precipitation. 

 

I.  INTRODUCTION 

The term "soil moisture" indicates the quantity of water in 

the soil's surface layer, which exchanges energy with the air via 

evapotranspiration. The moisture content at a depth of 10 cm 

underneath the soil's surface is the hydration composition that 

represents the surface moisture. In comparison, the moisture 

content at the level of the crops' root system (at 200 cm) 

represents the subsoil moisture. In farmlands, the moisture 

content concentration in the soil significantly impacts how water 

is distributed among the significant aspects of its hydrological 

processes. Crops need soil as a growing substrate [36]. It protects 

the crop's base and absorbs and retains moisture. One typical 

form of agricultural irrigation is to water after the soil has lost a 

significant moisture amount. Variations in temperature, rainfall, 

as well as other environmental conditions, have a more 

substantial detrimental influence on soil moisture. Soil moisture 

is mainly viewed as the quantity of water present as the subsoil 

moisture at the root systems of crops, which is the principal 

means through which vegetation gets its water requirement [31]. 

Suitable moisture range aids plant growth in every soil condition 

since crops can in-take and use water more efficiently. Thus, the 

entire development of crops relies on soil moisture. Ecological 

moisture deficits reflect their effect on carbon sequestration, 

which indirectly lowers GDP [21, 29]. A crop root system draws 

water from the subsoil as it expands. Soil moisture declines when 

plants utilize it, signalling the need for hydration to prevent 

oxidative stress. The crop would focus on using the available 

moisture until the most petite range of moisture is in the soil, 

beyond which they may die, thus signalling the need for 

irrigation [41]. 

A. Significance of Soil Moisture in Farming 

Besides being crucial to crop development, soil moisture is 

still an essential component of the natural ecosystem in 

processes that span the compost, the vegetation, and the 

environment [37, 38]. Unfortunately, the overall condition of 

subsurface water supplies is deteriorating because of the 

enhanced interruption from anthropogenic sources, and the 

degree of soil exploitation is far above what is sustainable [26]. 

As the water table continues to fall, both soil moisture content 

and sustainable groundwater retention capabilities decrease. 

Insufficient precipitation, notably in arid regions, prevents soil 
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moisture from being replenished promptly, therefore hindering 

the steady development of vegetation [52].  

The timely implementation of a suitable supply of water 

resources is of primary interest in such a context. Water usage 

from moisture content and crop yields are both intimately related 

to soil moisture levels. In light of its implications, farmers may 

employ it to make knowledgeable decisions concerning disaster 

preparation [23], water distribution, and drought mitigation [62]. 

To efficiently handle farming water supplies and encourage 

productivity improvements, the precise prediction of recurring 

trends in the soil water-dependent variable is crucial. Soil 

moisture may only be present in trace amounts at any location, 

yet it has a massive impact on,   

• a vast array of physicochemical, ecological, and 

environmental phenomena;  

• patterns of heat exchange between the farm substrate 

and the environment; and precipitation, rainfall, and 

runoff 

• dry spell 

• the atmosphere's composition, salinity, and 

concentration of harmful compounds; 

• composition and density of the subsoil; 

• The soil's moisture content and readiness to retain heat. 

This factor protects against corrosion and establishes 

whether or not farmland is fit for agronomic operations. Soil 

moisture monitoring becomes more critical in light of such 

scenarios. A dry spell is a condition that reduces the soil's water 

content. The drought has exacerbated cultivation catastrophes 

[9]. Whenever soil moisture is inadequate to provide the required 

amount of water for crops, a dryness spell/drought is presumed 

to have ensued, negatively impacting crop productivity [46]. Soil 

dryness usually follows a sustained period of drought in the 

atmosphere. Additionally, surface soil concentrations might 

reach lethal heights. 

B. Impact of Soil Moisture on Plant Growth 

Crops' health is inextricably associated with the availability 

and quality of water and oxygen that their roots can use. It's an 

indicator of the farmland's immune function, not just the level of 

the water in a specific area. The influence of moisture in the soil 

on crop production and harvest is crucial. Variables, including 

weather, vegetation, and terrain, all have a role in this 

performance indicator. Primary soil properties for the cultivation 

of maize crops are depicted in Figure 1. 

 

 

Figure 1.  Primary Soil Properties 

Before the actual plantation, it is crucial to assess the soil 

moisture in the farmland. The ideal quantity varies significantly 

from one crop variety and one geographical location to the next. 

In this way, maize is negatively impacted by too much moisture. 

Increased demands in recent decades have been addressed by a 

confluence of technical advancements, productivity gains, and 

acreage expansion, leading to dramatic growth in global maize 

output. Maize (corn) is a widely grown cereal grain, animal feed, 

and commercial commodity due to its adaptability and high 

productivity. The grain produced by such a crop is a high-

quality, potent food source for all domesticated bird species and 

animals. The maize crop is usually grown for its edible kernels. 

Its grain produces several foods, including cereal, cornstarch, 

flakes, and more. In addition, maize grain is used as a source of 

ethanol, essential sugars, and starch. A variety of products, 

including parchment, adhesives, pigments, and artificial resins, 

are derived by utilizing both the husks and stalks of the harvested 

crops. Growing maize is crucial for several other reasons, 

including the economy and the efficiency of various government 

agencies. Maize fields may make more efficient use of personnel 

and farming implements since they are planted and reaped longer 

throughout any applicable season than most other springtime 

crop varieties.  

India is the world's seventh-largest producer of maize (corn) 

and has the fourth-largest area dedicated to cultivating the crop. 

In India, the acreage planted with maize hit 9,200,000 hectares 

in the 2018-2019 crop years (Economics and Statistics 

Directorate, Ministry of Agriculture, Government of India, 

2019). From a productivity level of 17,300,000 metric tonnes in 

1950–51 to an expected 27,800,000 metric tonnes in 2019–20, 

India has seen a steep growth in maize output of about sixteen-

fold which is evident in the statistical report exhibited in Figure 

2 (FAOSTAT, 2020). And it is projected to rise further in the 

coming farming years. During that duration, average production 

went from 547 to 2965 kilograms/hectare, around a 5.42-fold 

rise, but the land area rose by just around three-fold. India 

accounts for about half of global production, yet its average crop 

production is comparable to several top-producing nations. 
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Maize is India's highly prolific staple crop as well as a critical 

source of feed; therefore, it also helps satisfy people's nutritional 

requirements. For optimal crop growth, producers choose to 

plant in soils with substantial mineral content, a balanced acidity, 

and a significant moisture-holding capacity. 

 

 

Figure 2.  India's Maize (corn) Yield/Production Statistics (2000-2020) 

India's main growing periods for maize are the winter (Rabi) 

and rainy (Kharif) seasons. The proportion of land used for 

growing maize during the kharif season is roughly 83 per cent, 

with the rabi season accounting for the remaining 17 per cent. 

Seventy per cent or more of the Kharif cornfield acreage is 

cultivated throughout the rain-fed period and environment, 

where several biological and environmental stressors are 

present. Low yields during the rainy season (2706 metric tonnes) 

may be attributed to the environment's susceptibility to stress, 

compared to the higher yields during the winter season (4436 

metric tons), cultivated in a more stable environment. The 

nation's springtime maize crop acreage in the northwest region 

(western parts of Uttar Pradesh, Haryana, and Punjab) has been 

expanding rapidly. Admittedly, there is no reliable information 

on spring maize cultivation and output. Its exact cultivation area 

is unknown, although rough calculations estimate it at 

approximately 150,000 hectares. In terms of land use and 

production, maize has the fastest-expanding market share. From 

the year 2010, India's maize yield has increased at a rate of more 

than 50 kilograms/hectare annually, making it the most 

productive food commodity in the country. 

Karnataka and Madhya Pradesh have the most significant 

areas of maize cultivation in India, at about 13 and 12 per cent, 

trailed by Kerala, Telangana, and Tamil Nadu, which are 

statistically reported in figures 3a and 3b. Currently, Andhra 

Pradesh is found to be the most productive region in the country. 

As much as 12 tonnes per hectare output has been recorded in 

districts including West Godavari, Krishna, etc. 

Maize requires a substantial amount of water throughout its 

entire growing cycle. However, maize's availability of actual 

water across each phase is hampered by various growth phases, 

seasonal weather, degree of saturation (moisture), and other 

variables [43]. This has significantly contributed to a reduction 

in maize production [42]. Therefore, as a corollary, a reliable 

method of determining soil moisture level has emerged as a 

critical priority. 

 

 

Figure 3.  (a) Maize Production (in tonnes), (b) Production Contribution of 

each state  

Many scientists have spent the past few decades developing 

testable theories that rely on regulating principles that 

incorporate the intricate hydrological cycle necessary to forecast 

soil moisture [50]. [40] also related the soil quality of cornfields 

with the crop water requirements. The assessment of topsoil 

moisture is helpful in many contexts, including the planning of 

irrigation, the prediction of farm productivity, the notification of 

dryness, and the forecasting of precipitation. This research 

examines the connection between significant Relative 

Production Indicators (RPIs) and soil moisture's ability to hasten 

socioeconomic development and ensure food sustainability. 

Since Tamil Nadu is responsible for around eight per cent of 

India's overall output, we chose three significant regions as 

prominent Study Regions (SRs) for the research investigations. 

The preferred SRs are Salem, Dindigul, and Namakkal districts. 

Machine Learning (ML) methodologies have recently 

garnered popularity due to their ability to alleviate problems 

inherent in more conventional and parametric frameworks. As 

[3] proposed, ML methods can interpret and predict complicated 

non-linear mappings of the dispersed dataset without requiring 

any previous information. Beyond that, it helps combine inputs 

with unclear definitions and uncertain likelihood distributions. 

Unfortunately, ML algorithms provide no insight into the 

correlation effects of various indicators and require a large 

number of information units to construct models. Since 

conventional assumptions about data properties do not constrain 

ML models, they are more effective in addressing and 

constructing complicated connections (non-linear, 
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heterogeneous, and non-monotonic relationships characteristic 

of the environment and ecosystem).  

Forecasting the moisture in the soil using prior moisture 

records has been implemented by utilizing advanced 

computational models [58], Support Vector Machines (SVM) 

[24], and quadratic extrapolation [25] in the hydrological sector. 

However, using those existing ML algorithms, farm 

diversification of maize types in terrain with cold soil categories 

and seasonally flooded geological content is understudied. This 

study contributes to filling up those blanks. This research 

focused on evaluating the advanced ML models' ability to 

forecast soil moisture in cornfields using data from formally 

evaluated documents and data observations that are generated 

using meteorological tools under various climatic conditions and 

crop management. 

To resolve such concerns, we looked at a multi-layer 

predictive hybrid strategy, where the bottom layer consists of 

individual predictive methods for enhancing soil moisture 

estimation and prediction. The preferred base learners are the Bi-

directional Gated Recurrent Unit (B-GRU) [10], Multi-Linear 

Regression (MLR) [56], and Support Vector Regression (SVR) 

[22]. The data generative approach was employed to generate a 

dataset for 20 random days based on primary attributes of soil 

moisture in the depth of 5-10 centimeters and climatic conditions 

of three distinct SRs. To account for the transitional temporal 

data, a B-GRU was included as one of the BLs in the baseline 

layer rather than a conventional LSTM framework. Therefore, 

considering system transitional temporal data, the predictive 

abilities of the proposed model are increased by minimizing the 

variance between the actual and predictive transitional temporal 

data. To refine the accuracy level of each BS, a completely 

linked layer was implemented, which comprises an ensembling 

strategy in the top layer. The base layer's resultant data and the 

initial soil moisture variables were used as input feed for the top 

layer. Last, this layer provided the anticipated soil moisture with 

significant accuracy. The IHML is developed with two-level 

concepts to avoid overfitting issues, and the preceding model's 

distortion is corrected. 

C. Motivation 

The implications of soil moisture, a key parameter in acreage 

hydrologic processes, span fields as diverse as agribusiness, 

ecosystem function and facilities, biodiversity, environmental 

health, the forecasting and tracking of hydrological cycle 

hazards, research of adaptation strategies, water management, 

cultivation and inundation general liability, crop waterlogging, 

and many others. Because it controls acreage interaction, soil 

moisture directly impacts climate and weather. SM affects soil 

hydration gradients and maintains the balance between the two 

types of inbound solar radiation by controlling the sensible to 

latent heat ratio [18]. Although its effects are far-reaching, soil 

moisture is not often used as a modelling variable because of its 

complex temporal and geographical behaviour in the actual 

context and the limitations of objective assessment or other 

estimations in the large-scale temporal and spatial depiction of 

the soil moisture. With the help of a process known as "carbon 

sequestration," soil may act as either a source or a sink for CO2 

in the atmosphere. Therefore, accurate soil moisture estimations 

are typically crucial elements in several climatic transition 

models to better comprehend the process of climatic change 

through time and to help develop effective abatement, 

adaptation, and development programmes. 

D. Research Objectives 

The priorities of this article were to  

• examine the efficacy of various ML techniques in 

predicting soil moisture and  

• use advanced ML methods to improve the accuracy of 

the predictor factors that influences the moisture 

content of maize crop fields. 

E. Structure of the Article 

This research study’s layout constitutes several sections that 

include several sections. Section 1 elaborates on the essential 

contents with precise objectives; Section 2 delineates and 

overviews the existing methodologies in the anticipation of soil 

moisture in maize crop areas; Section 3 defines the datasets with 

various contexts and the core concept of the presented IHML 

method; Section 4 defines the observed empirical outcome and 

analyses it with standard performance metrics, and Section 5 

provides the generic conclusion terms of the investigation and 

an outline of future work. 

II. RELATED WORK 

Recently, soil level, agricultural level, and geographic level 

predictions have contributed to a complete understanding of 

moisture content. Research and technological advancements 

have resulted in a growing number of approaches to estimating 

soil moisture. Slowly but surely, the soil scale is expanding the 

study scale beyond the size of farming. Scott et al. [49] 

established an extrapolation approach for forecasting soil 

moisture concentration using the two factors of infused moisture 

content and evaporative coefficients. They were successful in 

forecasting soil wetness levels at regional scales. In [44], a 

Bayesian approach was utilized and an artificial neural network 

approach to model data retrieval from spatial data. The moisture 

content was used as an actual output, and the confidence 

intervals of moisture levels and variance in two directions were 

examined to learn the benefits and drawbacks of various 

approaches and relevant situations.  

Indian researchers Pandey et al. [45] used an artificial neural 

system in conjunction with electromagnetic information to 
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perform several forecasting tasks, including estimating the soil's 

moisture levels. To accomplish the adaptation and retraining of 

the neural networking model, electromagnetic data transmission 

and reception using an X-band electromagnetic diffusion meter 

under diverse soil conditions were used. To determine which 

training techniques were most effective for predicting soil 

moisture levels and surface roughness, the researchers 

associated the incongruity amongst the detected and anticipated 

values. They used a variety of methods to predict the desired 

estimates. 

Then et al. [53] developed a better micro-strip band resonant 

device for measuring soil moisture, conducted experiments in 

various soil types, and made predictions based on the changing 

incident wave of compost soil and sandy gravel at varying water 

contents. Finally, Holland, and Biswas [27] conducted research 

using a pedotransfer formula to construct and estimate the 

moisture level of regional farmland based on studies 

investigating the relationship between fundamental soil 

parameters and water-holding capacity. 

Jin, Luo, and Miu [35] established a BP neural network 

approach for anticipating the winter wheat’s soil moisture in the 

Xuzhou farming climate examining station in the district of 

Huaibei, Jiangsu province. Also, in this investigation, 51 ten-day 

experimented information was gathered at the time of the 

experimental station of two nearer medium drought years. The 

implementation of the soil moisture anticipation is accomplished 

via training, final checking, and fitting. Hui, Yue, and Jun [28] 

performed the soil moisture anticipation by the utilization of 

support vector regression machineries depending on bacterial 

forage optimizing model that gave assistance for farming 

production. 

By constructing a forecasting model in China's new Daxing 

town's Lu Cheng locations. In [60], the authors were able to 

forecast the soil moisture at various depths. By examining the 

predicted significance of the framework with the known 

information, the researcher confirmed the forecasting concept 

might also encompass the moisture of different soil types. Chen 

et al. [6] investigated the prediction strategy of tobacco plants' 

prolonged soil water concentration in the mountainous region 

(Liangshan Kuaili-peaks), and they presented the neural network 

approach based on Radial Basis Functions (RBFs) and Principal 

Component Analysis (PCAs). The algorithm, built on top of a 

conventional neural network, used PCA to boost its operational 

effectiveness and accuracy. With the use of a multi-weighted 

neural network, the authors [33] has developed a multi-step 

forecasting model for moisture content prediction utilized as a 

premise for formulating trained decisions when choosing drip 

irrigation. In addition, Ji, Li, and Zhang [32] provides a short-

term projection of moisture content in farming fields, 

demonstrating the viability of creating a time-series framework 

via a grayscale correlation matrix to estimate the moisture 

concentration in a short-term mode. 

Using factual data collected in the western part of Colorado 

City, Aboitiz et al. [1] developed a forecasting model based on 

specific timeframes that, once fitted and calibrated, could 

forecast the content of the soil water in that 

region. The predictive validity of the approach and erroneous 

statistics can be used to influence the development of irrigation 

schemes that completely account for the potential risk of yield 

losses in the face of constrained resources (such as time, 

finances, and manpower). As per ERS-1 Spectral analysis, 

Weimann et al. [55] calculate the amount of soil moisture, 

especially in the moistened erosional region of eastern 

Germany. Satellite measurements enable an extra potent 

forecasting strategy for the local estimation of soil moisture 

levels since it properly determines the facts of water holding 

capacity.  

Elmaloglou, and Malamos [16] conducted a simulated 

investigation of grassy soil moisture in Belgium's blue area by 

using the single-dimensional method SWAP93. Smax, a new 

parameter added by the methodology, initially increases with z-

depth. Also, the research demonstrated that the assessed value 

was lesser with a depth below 30 cm due to the prevalence of 

relatively close perforations, which led to the moisture content. 

This happens because the soil moistness inaccuracy is less the 

deeper one digs. Evapotranspiration and wetness index, as well 

as the degree of saturation and distinctive geographical factors, 

were investigated by the authors [51], who then constructed a 

generic process.  

With data collected over several years of monitoring the farm 

fields, Yamaguchi et al. [59] developed two approaches to 

forecast moisture content: a hydrogeological framework and a 

statistical approach. Both models were shown to be very 

accurate and stable. Jiang et al. examined the viability of using a 

multilayer network to predict moisture levels. They simulated a 

computational model using inputs from Maryland University, 

the US Meteorological Department, and the International Centre 

for Ecological Information. Then, Jiang, and Cotton [34] 

checked for consistency between the simulated and facts. The 

findings exhibited a high degree of consistency between the 

geographical average moisture content values, arguing the 

merits of provincial forecasting of moisture levels.  

In [17], the authors characterized the relationship involving 

the flow separation and the ambience of the topsoil throughout 

the Subarabaskar watershed in Canada via primary energy 

equilibrium and the hydrological cycle. The experimental 

conduction is carried out with concern for both moisture and 

resource balance aspects. The data-driven framework that uses 

synthetic neural networks to approximate the diverse soil 

moisture progression has been widely studied for its potential 
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utility in a variety of contexts, including the simulation of annual 

precipitation, heating rate, gross radio waves, and the heat and 

magnetization of the soil's porosity-based relative humidity. In 

the absence of time-dependent climatic factors, ambient heat is 

the primary impactful conditional variable in defining moisture 

levels. The strong association amongst the thermo-soil aspects 

and the moisture condition is emphasized. In addition, the 

surface of the soil is the crucial core aspect in determining how 

much moisture is in the topsoil. 

Cafarelli et al. [5] improved the model's predictive 

performance by including the control variable in the predictor, 

leading to a valuable forecast for farmland in the southeastern 

part of Italy. Soil moisture is sometimes predicted with 

reasonable accuracy by employing the Hydrus-1D concept, as 

shown by the work of the authors [7]. Their simulations focused 

on the rapid water movement in two subbasins (Krui and 

Stanley). 

Liu et al. [39] made predictions about prospective soil 

moisture variations based on the estimated criteria of future 

climatic components. For this forecast, researchers used the 

Priestley-Taylor framework, the dual crop predictor correlation, 

and the notion of wetness in the topsoil balance. A representation 

to achieve water holding capacity is also introduced that is 

premised on the geo-location of adaptation of feature variables, 

the adoption of RS as well as GIS satellite knowledge, and the 

acquisition of data for crop type, slope, vegetative saturation, 

and soil characteristics in the Beijing region.  

Alun et al. [4] used Beijing's Tongzhou zone as their field 

survey. Also, they used a quartet of geospatial analytic 

techniques—the complete usage proximity methodology, 

Normal Kriging, co-Kriging, and probabilistic computation 

approach to examine the moisture content of soil at varying 

depths. It also offers a solid foundation for geospatial predictive 

assessment of provincial water content by evaluating the pros 

and cons of various approaches and the contexts under which 

they are used. Zhang, Li, and Jiao [61] developed a method for 

tracking and predicting the soil’s moisture content on crop fields 

in the Liaoning region using VC++ as well as Fortran. The 

regions of Hunan and Hubei in China were also chosen for this 

study. Finally, based on atmospheric factors and associated 

geographical location data, Wang et al. [54] successfully 

predicted and simulated crop water loss. 

Additionally, the forecasting procedure will be more 

proactive, with many of the predicting activities being carried 

out autonomously by the framework or application. By 

connecting to a meteorological framework, for 

various instances, the existing models may not automatically 

invoke the necessary data following the requirement of activity. 

Thus, we propose an IHML methodology to overcome the 

specified issue. 

III. METHODOLOGY 

A. Study Region 

This research was undertaken in three maize-growing 

districts (Salem, Dindigul, and Namakkal districts) in the Indian 

state of Tamil Nadu. A geographical depiction of each SR is 

displayed in Figure 4. 

Over the last nineteen years, the average yearly rainfall in the 

SR of Salem has been recorded at about 997.9 millimeters at an 

estimated elevation of 278 meters. A typical annual rainfall 

totals 40.1 millimeters. Salem, on average, has a high 

temperature of 34 degrees Celsius and a low temperature of 22.4 

degrees Celsius. Red calcareous sedimentary soil covers 

247,391 hectares in the district, making up the most significant 

percentage of any soil variant. The red, non-calcareous soil 

covers around 50,212 hectares. With brownish, non-calcareous 

soil, this area encompasses 38,267 hectares. The contribution of 

mixed soil is 21776 hectares in area. Approximately 34250.46 

hectares are deeply committed to cultivating maize, with an 

annualized rate of 340,577 metric tonnes, representing 10 per 

cent of the total of the district's overall production to the state 

(District Diagnostic Report, 2020a). 

 

 

Figure 4.  Geographical Area Representing Three Study Regions 

The average altitude of the Dindigul district is 265 meters 

(869 feet). Red granular loam, red soil, and clayey soil are the 

major prevalent soil varieties in the area. Rice, maize, legumes, 

sugarcane, cotton, etc., are some of the primary crops cultivated 

in the Dindigul district, with a net acreage of 626,513 acres. Peak 

precipitation occurs throughout the North-East Monsoon (417.9 

millimeters), which accounts for most of the district's annual 

rainfall (836 millimeters). The average yearly yield of corn in 

the region is approximately 1985 kilograms per hectare (District 

Diagnostic Report, 2020b). 

The total yearly precipitation in Namakkal districts averages 

716.54 millimeters. The Northeastern rainy monsoon brings 

heavy rainfall to this region. Red soil is the dominant factor in 
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this area, accounting for 77 per cent of the soil type. The pH level 

is between 5.2 and 8.7 per cent. Thus, Namakkal's annual maize 

acreage, yield, and productivity continue to upswing at 6.30 per 

cent, 5.40 per cent and 12.05 per cent, respectively (District 

Diagnostic Report, 2020c). 

B. Dataset 

 BASE ATTRIBUTES OF THE DATASETS 

Attributes Units 

Volumetric Soil Moisture Content 

(VSMC) 

m3/ m3 

(water/soil) 

Air Temperature Kelvin (ºK) 

Soil Temperature Celsius (ºC) 

Precipitation Millimeters 

Farmland Surface Temperature Kelvin (ºK) 

Soil Depth 5-10 Centimeters 

 

For various climatic scenarios, SWAT (India Dataset | 

SWAT | Soil & Water Assessment Tool, n.d.) outputs are often 

used to predict soil moisture. The dataset is constructed based on 

the results of 20 days of SWAT trialling data from 30 unique 

locations across three different SRs. Thus, the dataset comprises 

600 data points that concern various vital attributes listed in 

Table 1. The resulting datasets are normalized to prevent 

computation errors caused by missing data. Following that, the 

data is split 70:30 between training and testing sets to assess the 

ML models. To anticipate both long- and short-term soil 

moisture for the production of maize, the relevant ML models 

integrate prediction methodologies with empirical formulas. 

C. Optimal Soil Requirement  

While the optimal soil conditions for cultivating maize are 

deeper, more nutritious, well-moisturized, and rich in biological 

content, maize may be successfully cultivated in such a far-

reaching condition of the soil. The ideal soil condition for crop 

growth is one with reasonably high moisture-holding potential. 

Because the crop is very vulnerable to waterlogging, it is mainly 

cultivated during the rainy monsoon period. Special attention 

needs to be paid to ensure that over-precipitation does not remain 

on the surface for five hours. The relatively permeable subsoil, 

such as those found in loamy soils, sediment loams, and turbid 

clay soils, is appropriate. This means that the soil type would 

have a neutral pH of 6.5 to 7.5, a tradeable potential of 

approximately 20 milli-equivalents per 100 grams, a surface 

absorption of 70 to 90%, a density and porosity of almost 1.3 

gram per cubic centimetre, and a moisture-holding potentiality 

of about 16 centimeters per meter of depth. 

D. Optimal Climatic Requirement  

Temperatures between 9 and 30 degrees Celsius are ideal for 

maize cultivation. The total number of leaves rises from 

appearance to tasselling as the crop adapts to its environment. 

Tassel latency lengthens when the range of diurnal temperatures 

from 0 to 17 degrees Celsius increases. At 30 degrees Celsius, 

maize grows at its fastest pace. The harvest will be greater if 

there is no frigid weather during the grain-filling phase. In 

addition, elevated levels of solar irradiance will increase corn 

photosynthesis. 

E. IHML Model 

 

Figure 5.  Structure of IHML 

The IHML approach includes two levels of predictive 

strategy which is depicted in Figure 5, where the base level 

comprises three advanced ML models (B-GRU, SVR, and 

MLR) whose prediction is addressed individually. The top-level 

employs an ensembling strategy which combines the outcome of 

the base level and produces the predictive result [47] with 

optimal accuracy. 

1) B-GRU 

During training, the conventional LSTM model's variables 

were tuned to reduce a loss (the gap between the model's 

predictions and the actual soil moisture levels). However, since 

the LSTM concept only considers the precision of its predictions 

for the immediate sampling interval and does not focus on the 

transitional temporal data after the feedback sampling interval 

[19], it may be unable to account for the complexity and 

uncertainty of the information and may even overfit the model. 

 

 

Figure 6.  Structure of B-GRU 
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Bidirectionally structured models may incorporate insights 

from both historical and future data into their present analysis. 

Figure 6 is a conceptual illustration of the B-GRU concept. The 

condition of two GRUs facing in oppositional directions is 

employed to establish the B-GRU model [57]. One GRU works 

forward, commencing at the beginning of the trend line (data 

sequences), and the other works backwards, beginning at the end 

of the sequence. This allows contextual future and previous data 

to influence current conditions. The B-GRU can be described in 

the following way: 

𝐻⃗⃗ 𝑡 = 𝔽𝑔𝑟𝑢[𝐼𝑡 , 𝐻⃗⃗ 𝑡−𝑛]        (1) 

𝐻⃗⃗⃖𝑡 = 𝔹𝑔𝑟𝑢[𝐼𝑡 , 𝐻⃗⃗⃖𝑡+𝑛]        (2) 

𝐻𝑡 = [𝐻⃗⃗ 𝑡 ⊕ 𝐻⃗⃗⃖𝑡]        (3) 

where, 𝐻⃗⃗ 𝑡 denotes the forward state of GRU, 𝐻⃗⃗⃖𝑡 represents the 

backward state of GRU, and ⊕ signifies the concatenation of 

two vectors. 

This model's initial level consists of numerous inputs fed at 

varying times, t, with ‘n’ previous and subsequent recorded 

moisture data as I = [It+n+,…,+ It,+…,+ It-n]. This sequence is 

processed by the B-GRU network. The B-GRU model represents 

the second level. The ultimate pattern determined from the input 

sequence length specifies how often the B-GRU model will 

repeat its temporal phases. Our work uses 2n+1 iterations for its 

recurring time scales. The transfer of data over recurrent time 

scales is usually maintained in the hidden unit Ht. IHML linear 

layer inputs are directly coupled to the B-GRU model's layer 

outputs. 

2) SVR 

The core concepts of SVM are used in SVR [8, 15]. 

Employing a constant mapping linear model, SVM training 

makes it easier for a maximum-marginal predictor to project 

input parameters over high-dimensional data points. SVR uses a 

radial-based linear model to produce the optimal hyperplane, 

which can be exploited for prediction via regression, avoiding 

global maxima as well as local minima difficulties caused as a 

result of using limited features during the optimization of the 

training sample. Since they are easy to implement and maintain 

and also can handle high-dimensional spaces with marginal 

isolation factors, radial-based functions have been deemed 

effective. 

To construct an estimation technique among predictor 

parameters and informative factors, the SVR uses a selection of 

sample points determined by a preset sampling error margin. 

These smaller portions of the data points (subsets) are denoted 

to as support vectors. Assume we have a set of samples I = {i1, 

i2,…in} and a set of intended outcomes J = {j1, j2,…jn}. The SVR 

purpose is to discover the flattened version of the periodic 

function, f(x) that minimizes the error margin amongst the trialed 

and actual output of the testing data. 

3) MLR 

MLR is a valuable tool that forecasts an outcome data point 

from a set of predictive parameters that includes more than two 

independent predictive variables. The following formulation 

expresses the forecasts of ‘k’ given the "p" predictor factors.  

𝑘 = [𝛽0
𝜔1 + 𝛽1𝑝𝑖

𝜔1 + 𝛽2𝑝2

𝜔2 + ⋯+ 𝛽𝑛𝑝𝑛

𝜔𝑛 ]        (4) 

Regression-based beta coefficients/weights are specified as 

β. The estimates of the correlation between the dependent 

variables and the result ‘βi’ could be defined as the mean 

implications on k with an increment in pi, provided that all other 

variables are held constant throughout the analysis. 

4) Heterogeneous Ensemble 

 The heterogeneity ensemble approach combines several 

learners or ML models, all of which are trained using the same 

dataset. This strategy is effective for limited data sets. The 

ensemble method's outcome is reached by stacking computation 

via meta-leaner across all the integrated models' predictions. 

A meta-learner model is constructed and used to aggregate 

the results of several executed predictor and regression methods. 

The meta-learner predictive process relies on training using the 

results of the BLs, which are, in turn, trained using the whole 

training samples. In contrast to boosting strategies, a concurrent 

learning and training process is applied to each BL. For more 

complex models, the output from one layer is given to the next 

level as training data parameters, resulting in a stack in which 

the advanced, refined model is constructed and thoroughly 

trained than its simpler counterparts. The prediction error of such 

models is always low since they are built on the foundation of 

more basic models. The stack will continue to grow as long as 

the optimal forecast is made with the least amount of error. This 

hybrid process, or meta-model, makes its forecast by 

aggregating the predictions of many simpler models. With this 

method, the goal is to create a model with reduced bias. The 

algorithmic procedures of heterogeneity are derived from the 

work of [48]. 

IV. PERFORMANCE ANALYSIS AND DISCUSSIONS 

The IHML model was trained using a common dataset 

generated via SWAT for around 20 input days, with a scale 

factor of six hours (short-term) and two days (long-term). This 

was done to make an accurate prediction of the moisture, with a 

scale factor of two hours (short-term) and one day (long-term) 

ahead. 

The investigation's goal was to determine whether the data 

input time window could be shortened without impacting 

accuracy. First, the model was created and trained using the 

generated datasets, and then its accuracy and efficiency were 

determined using the testing dataset. The efficacy of several 

approaches was assessed by computing their output for RMSE, 
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MAE, and R2 and the formulations are expressed in equations 

(5), (6), and (7), respectively [2]. 

 𝑅𝑀𝑆𝐸 = √∑ [𝑚𝑣 − 𝑝𝑣]
2𝑂

𝑣=1
𝑂

⁄                         (5) 

𝑀𝐴𝐸 =
1

𝑂
√∑ |𝑚𝑣 − 𝑝̂𝑣|

𝑂
𝑣=1                      (6) 

𝑅2 = 1 − [
∑ [𝑚𝑣 − 𝑝̂𝑣]

2𝑂
𝑣=1

∑ [𝑚𝑣 − 𝑝̅𝑣]
2𝑂

𝑣=1
⁄ ]       (7) 

where ‘O’ denotes observation count, p represents the estimated 

values, p̂  represents the predicted values, and p̅  denotes the 

estimated mean value. The soil moisture level in the maize 

cultivation area was designated as the reliant factor, while all 

other variables were designated as predictive variables. 

 

 

Figure 7.  Short-Term Prediction of Soil Moisture 

Environment, weather, soil composition, and depth all have 

a role in the quantity of moisture in the farmland. Therefore, we 

used the IHML model, which excelled at short-term forecasts, to 

lessen the discrepancy between the forecast and input times and 

improve the soil moisture predicting capability at varying 

timeframes. Short-term measurements for all four models are 

shown in Figure 7, demonstrating that the proposed IHML 

accurately forecasts soil moisture levels. However, MLR 

performed poorly at a depth of 5–10 cm, whereas B-GRU and 

SVR showed the least error in their moisture content predictions 

after IHML. 

 PERFORMANCE COMPARISON OF SVR, MLR, B-GRU 

AND IHML 

Models RMSE R2 MAE 

SVR 0.072 0.71 0.042 

MLR 0.052 0.65 0.062 

B-GRU 0.063 0.82 0.039 

IHML 0.042 0.88 0.033 

 

Table 2 displays the results of an experiment in which several 

ML methods were subjected to MAE, RMSE, and R2 tests. In 

particular, optimal outcomes have been attained by IHML and 

B-GRU models exhibiting less than 4 per cent of MAE values. 

Using four distinct ML techniques, we get an RMSE for 

projected soil moisture levels ranging from 0.042 to 0.072 m3m3. 

The IHML model fared better than the other approaches because 

of its more substantial R² value (0.88) and lesser RMSE value 

(0.042). Following the performance of the IHML model, both B-

GRU and SVR succeeded commendably, as shown by their 

corresponding values of RMSE (0.063 and 0.072), MAE (0.039 

and 0.042), and R2 (0.82 and 0.71). 

Four ML models' testing outcomes are shown as box plots 

illustrating the variation in soil moisture (m3m3) between 

observations and predictions. The box plots the estimated 

records between the 10th - 95th percentiles with the Inter-Quartile 

Range (IQR) (Q3-25th to Q1-75th percentiles). The box's solid 

(black and red) line denotes the median level (50th percentile). 

In contrast, the box's horizontal stripe denotes the average soil 

moisture scores measured throughout the testing period. Figure 

8 shows a box plot of the experimental dataset's observed and 

estimated median moisture content values as well as percentiles. 

 

 

Figure 8.  Four models, (a) SVR, (b) MLR, (c) IHML, and (d) B-GRU are 

shown in a box plot exhibiting their soil moisture estimations throughout the 

testing phase 

The solid marker in the middle of every box illustrates the 

average value of the data gathered throughout the testing period. 

In contrast to previous ML algorithms, the IHML model 

demonstrated that the predicted soil moisture average best 

reflected the observed moisture content average. The IHML 

model included influential components of all the soil variants in 

SR and climatic factors. As a result, it was able to come up with 

more accurate forecasts than the other estimates, which is 
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evident in Figure 8. A greater correlation was found among the 

distributive patterns of soil moisture data whenever IHML was 

applied. The lowest RMSE, as well as MAE, was achieved by 

the IHML approach, trailed by the B-GRU and SVR models in 

expressing the association among soil moisture in each SRs and 

VSMC as documented for every relevant meteorological SR, 

precipitation, rainfall, and certain other soil factors. We saw no 

evidence of fields drying to the point of moisture stress among 

the maize crops, which would have affected crop metabolism 

and vegetative development. This could be because there is still 

enough water available in the soil below the surface to saturate 

the root zone, as well as groundwater, is relatively shallow below 

the level. Vegetation index values are probably less prone to 

fluctuate due to such context. 

Figure 9 displays the results of several models' soil moisture 

predictions throughout the experimental period. Predictions of 

soil moisture were recorded satisfactorily in scatter plots by the 

IHML, B-GRU, and SVR models. Almost all data points 

clustered near the bisector axis, indicating that the IHML model 

approximated the moisture content range observed. Only a small 

fraction of the spots in the test were located distant from the axis, 

which is indicative of inaccurate estimations. Predictions of 

moisture content using the B-GRU and SVR models had 

indicative slope measures of 0.67 and 0.63, correspondingly 

implying that both models accurately represented soil moisture 

next to IHML. On the other hand, MLR performed 0.58 worse 

on the experimental records regarding dispersion. Overall, the 

findings indicated that building another meta-learner off the 

outputs of the trained models without validation may 

realistically result in a stronger impact on R2, which is a radical 

departure from the original setting. 

 

 

Figure 9.  Four models, (a) SVR, (b) MLR, (c) B-GRU, and (d) IHML are 

tested, and their predicted VSMC is demonstrated against the observed VSMC 

in a scatter plot 

Table 3 displays the outcomes of investigations of IHML 

model errors across the three SRs. All the investigated SRs have 

a mean absolute inaccuracy of 0.033, and their combined 

predicted score is slightly below the actual value. As shown in 

Figure 9, rainfall decreased from the first to the twentieth day in 

all three SRs, while the measured moisture content remained 

relatively substantial and was significantly impacted. The 

forecasts are more appropriately represented only after the 15th 

day, which exhibits the correlation between moisture content and 

rainfall. This is because precipitation-related factors primarily 

determine soil moisture. This is predictable because evaporation 

and rainfall directly affect the humidity content. The inconsistent 

correlation amongst humidity content and rainfall will likely 

prevent conventional ML models from providing reliable 

forecasts, particularly during wetter seasons. 

At the Dindigul site, the surface soil moisture is found to 

exhibit many peaks and persisted during the observation period. 

Besides, these peaks are generally trailed by heavy rainfall. In 

the meantime, identical rainfall could have diverse values of the 

soil moisture. These circumstances cannot be taken well by the 

overall anticipative approaches. But, at the Salem site, the 

identical wet condition of the soil humidity in the first 10 days 

and dry condition of the soil humidity from the last 10 days can 

be captured well comparatively via IHML. During this time, the 

soil moisture of the mean in the training phase had an identical 

trend in the testing phase. 

 MULTI-REGION PREDICTION ERROR ANALYSIS OF 

THE IHML MODEL 

SR Estimation Values 

Salem 

MAE 0.035 

RMSE 0.041 

R2 0.87 

Dindigul 

MAE 0.031 

RMSE 0.044 

R2 0.9 

Namakkal 

MAE 0.033 

RMSE 0.046 

R2 0.85 

 

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0

RMSE = 0.042

R2 = 0.88

RMSE = 0.063

R2 = 0.82

RMSE = 0.052

R2 = 0.65

 

 

P
r
e
d

ic
te

d
 V

S
M

C
 (

m
3

/m
3

)

Observed VSMC (m3/m3)

RMSE = 0.072

R2 = 0.71

(d)(c)

(b)

 

 

P
r
e
d

ic
te

d
 V

S
M

C
 (

m
3

/m
3

)

Observed VSMC (m3/m3)

(a)
 

 

P
r
e
d

ic
te

d
 V

S
M

C
 (

m
3

/m
3

)

Observed VSMC (m3/m3)

 

 

P
r
e
d

ic
te

d
 V

S
M

C
 (

m
3
/m

3
)

Observed VSMC (m3/m3)

http://www.ijritcc.org/


International Journal on Recent and Innovation Trends in Computing and Communication 

ISSN: 2321-8169 Volume: 11 Issue: 10 

DOI: https://doi.org/10.17762/ijritcc.v11i10.8480 

Article Received: 25 July 2023 Revised: 21 September 2023 Accepted: 04 October 2023 

___________________________________________________________________________________________________________________ 

 

 

    195 

IJRITCC | October 2023, Available @ http://www.ijritcc.org 

 

Figure 10.  Daily remarks and anticipations of predictive methods a) SVR, (b) 

MLR, (c) B-GRU, and (d) IHML in the testing phase at three SRs 

Predictive models are evaluated, and their predictions are 

assessed daily (20 days), as seen in Figure 10. IHML model 

excels the other three models with minimal error deviations. 

Because moisture in soil dynamics varies significantly across 

climatic zones, the proposed model shows that such 

deterioration issues can be mitigated by reevaluating the BL's 

output data and the actual moisture content inputs in the 

subsequent level of computations. A daily mean was calculated 

by aggregating the data collected every hour. The likelihood that 

a given instance will be included in a machine's training phase is 

proportional to the accuracy of its predecessors' predictions 

about that instance. To do this, it keeps track of variables 

throughout the training phase. It increases them according to the 

error gap that may be existing between the observed and 

expected values concerning the relying variables. To put it 

another way, the method keeps tabs on all the erroneously 

estimated specifications. It gives them a higher chance of being 

included in the following random subset, emancipating the base 

learner to focus on more complex scenarios. 

V. CONCLUSION 

Using readily accessible variables like climatic elements and 

vegetation indicators of maize crops, the considered models aim 

to create reliable, accurate estimations of moisture content in the 

cultivated soil. Producers and hydrological scientists may use 

this data to make better decisions regarding irrigation and 

fertilization, for instance, and to better predict future harvests. 

This effort has also provided an opportunity to learn about and 

practise several empirical modelling approaches and the 

mathematics that underpin them. 

From multi-linear regression to more specialized methods, 

including IHML, this study gives a comprehensive overview of 

the most popular and widely-used multivariate techniques. The 

findings are quite promising and interesting. Tables 2 and 3 

summarize RMSE, R2, and MAE for the testing dataset in all the 

incorporated models examined in the current study. IHML was 

shown to be the most influential predictor in this research, with 

acceptable training as well as validation errors. The proposed 

IHML had the best training effects against the inaccuracies of 

other approaches, but overall, assessment errors aren't in the least 

bit adequate. In addition, B-GRU and SVR models produced 

generally acceptable outcomes next to IHML. In addition, we 

intend to use more advanced techniques in the upcoming 

research to create spatiotemporal representations of the predicted 

moisture content data. 
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