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Abstract: Optimizing agricultural productivity and promoting sustainability necessitates accurate
predictions of crop yields to ensure food security. Various agricultural and climatic variables are
included in the analysis, encompassing crop type, year, season, and the specific climatic conditions of
the Indian state during the crop’s growing season. Features such as crop and season were one-hot
encoded. The primary objective was to predict yield using a deep neural network (DNN), with
hyperparameters optimized through genetic algorithms (GAs) to maximize the R2 score. The best-
performing model, achieved by fine-tuning its hyperparameters, achieved an R2 of 0.92, meaning
it explains 92% of the variation in crop yields, indicating high predictive accuracy. The optimized
DNN models were further analyzed using explainable AI (XAI) techniques, specifically local inter-
pretable model-agnostic explanations (LIME), to elucidate feature importance and enhance model
interpretability. The analysis underscored the significant role of features such as crops, leading to
the incorporation of an additional dataset to classify the most optimal crops based on more detailed
soil and climate data. This classification task was also executed using a GA-optimized DNN, aiming
to maximize accuracy. The results demonstrate the effectiveness of this approach in predicting crop
yields and classifying optimal crops.

Keywords: sustainable agriculture; yield optimization; machine learning; explainable AI

1. Introduction

In recent years, agriculture has experienced a transformative evolution driven by tech-
nological advancements, heralding the era of precision agriculture [1]. This paradigm shift
focuses on integrating technologies such as sensor systems [2], artificial intelligence (AI) [3],
and machine learning (ML) [4] to optimize farming practices and boost agricultural productiv-
ity while minimizing environmental impact [5]. At the heart of this evolution is the capacity to
leverage extensive datasets that encompass soil properties, climate variables, and agronomic
factors, and their effects on crop growth, yield, and overall agricultural sustainability.

1.1. Seasonal Crop Cultivation in India

In India, a wide variety of crops are cultivated across different seasons, each with
unique requirements and challenges. Rice is a staple crop grown during the Kharif (mon-
soon) season, typically from June to November [6]. It requires abundant water [7], making
it highly vulnerable to droughts or erratic rainfall. Maize is adaptable and grown in both
Kharif and Rabi (winter) seasons [8], yet faces threats from pests like fall armyworm and
temperature fluctuations. The chickpea, a winter crop [9], is sown from October to Novem-
ber and harvested in March. It is drought-resistant but sensitive to diseases like root rot [10],
especially in drier regions. Kidney beans, cultivated mainly in northern India [11], thrive
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during the Kharif season in cool, frost-free conditions, yet they face challenges (such as root
diseases) and depend on well-distributed rainfall.

Pigeon peas are drought-tolerant legumes grown in the Kharif season but are vulner-
able to pod borer infestations and uneven rainfall [12]. Similarly, moth beans and mung
beans are short-duration legumes grown in dry areas during the Kharif season [13]; they
are resilient but suffer from pod-shattering [14] and disease risks, particularly in low-water
conditions. Black gram and lentils are primarily Rabi crops [15], requiring minimal water,
but are sensitive to moisture stress and diseases like rust and wilt.

Pomegranates, cultivated year-round, are drought-tolerant yet require careful irriga-
tion and disease management to combat fungal blight [16]. Bananas, grown in tropical
regions throughout the year, face fungal threats, high water demand, and storm dam-
age [17]. Mangoes, a summer fruit [18], are harvested from February to June but can be
impacted by extreme temperatures and erratic rainfall, which affect flowering [19]. Grapes,
grown from January to May, are highly sensitive to fungal infections, requiring precise
irrigation and temperature control.

Watermelon [20] and muskmelon [21] are summer crops, often grown under high
temperatures and sensitive to soil salinity and pests like aphids. Apples are temperate crops
grown in the Himalayas [22] from June to September, but changing climate conditions,
such as rising temperatures and irregular snowfall, challenge their yields. Oranges, grown
mainly from October to March, require dry conditions but are sensitive to frost and water
stress [23].

Papayas, cultivated year-round in tropical areas [24], require well-drained soil and
consistent irrigation but are threatened by the papaya ringspot virus [25]. Coconuts are
grown in coastal areas throughout the year and depend on regular rainfall [26], although
drought and pests like the rhinoceros beetle pose risks. Cotton is a Kharif crop sown from
June to September [27]; it requires warm, dry conditions but faces pest challenges from
bollworms and is highly rainfall-dependent. Jute is a monsoon crop [28], grown from
March to July, thriving in waterlogged soil but vulnerable to erratic rainfall affecting fiber
quality [29]. Lastly, coffee [30], grown in high-altitude regions [31] and harvested from
November to March, is sensitive to unpredictable rainfall, pests, and temperature variations
driven by climate change.

Each of these crops represents a distinct set of agricultural challenges in India, includ-
ing water dependence, vulnerability to pests and diseases, and sensitivity to fluctuating
climate conditions, all of which are critical factors in achieving sustainable yields.

1.2. Literature Outlook

The integration of ML and remote sensing in soil and crop yield prediction is actively
highlighted in the scientific literature. For instance, Khanal [32] uses aerial imagery [33]
and ML to predict soil properties and corn yield at Molly Caren Farm in Ohio [34]. By
analyzing multispectral images [35] and field data from seven plots in 2013, the research
compares ML models like random forest and neural network models. Findings show these
models outperform traditional methods, with neural networks excelling in predicting soil
organic matter and cation exchange capacity, and Random Forest performing best for corn
yield prediction. This approach demonstrates the potential of remote sensing and ML for
accurate mapping, enhancing agricultural management tailored to local conditions.

Liu et al. [36] utilized Landsat and MODIS-NDVI data along with climatic, topographic
data, and soil samples to map seven soil properties (texture, electrical conductivity, pH,
nitrogen, phosphorus, potassium, and organic matter) in Punjab, Pakistan from 2000 to
2020. Comparing three statistical models—support vector machine (SVM), random forest
regression [37] (RFR), and multiple linear regression (MLR)—RFR generally provided the
highest accuracy. This highlights the effectiveness of ML over MLR in handling nonlinear
relationships, revealing a decline in cultivated areas and high soil electrical conductivity
due to salinity, with organic matter and nitrogen levels generally low.



Sustainability 2024, 16, 9437 3 of 29

Different types of soil support various crop growth based on their unique charac-
teristics. Understanding these soil features is essential for optimal crop selection [38].
Rahman et al. [39] introduced a model that predicts soil series based on land type and
recommends suitable crops accordingly, employing ML algorithms including weighted
k-nearest neighbor (kNN) [40], bagged trees [41], and Gaussian kernel-based support vector
machines (SVMs) [42] for soil classification. Experimental results demonstrate that the
SVM approach outperforms existing methods, highlighting its effectiveness in agricultural
decision-making.

Yadav et al. [43] developed a model for assessing soil fertility, recommending suit-
able crops, and predicting crop yield based on soil features. Various ML algorithms
including SVM, random forest, Naive Bayes [44], Linear Regression, Multilayer Percep-
tron [45] (MLP), and ANN [46,47] were employed for soil classification and yield prediction.
Results indicate that the ANN approach, utilizing deep learning (DL) architectures for
enhanced accuracy, outperforms traditional methods in predicting crop yields based on
soil characteristics.

Wickramasinghe et al. [48] explored the relationship between rice yield and climate
variables in a key region of Sri Lanka [49] using various statistical and ML methods. They
analyzed factors such as rainfall, temperature (min/max), evaporation, wind speed, and
sunshine hours, leveraging three decades of rice yield and monthly climate data. Models
developed included ANN, SVM regression [50] (SVMR), multiple linear regression [51]
(MLR), Gaussian process regression [52] (GPR), power regression [53] (PR), and robust
regression (RR). GPR outperformed others in yield prediction accuracy, validated with data
from the 2019 Yala season.

Enhancing agricultural management through AI and ML was addressed by
Diaz et al. [54], which highlighted the challenge of declining soil quality in intensive
agriculture by exploring how AI and ML can estimate soil quality indicators [55] (SQIs)
from agro-industrial data. The focus was on recent studies using remote sensing to predict
crop yields at regional and local scales, evaluating different spectral bands, data prepro-
cessing methods, and ML algorithms. The review proposed a model integrating SQI,
environmental factors, and crop management data to enhance agricultural practices and
optimize crop yield predictions through ML insights.

Burdett et al. [56] investigated the relationship between crop yield, soil properties, and
topographic characteristics using high-resolution data in Southwestern Ontario, Canada.
Analyzing a dataset of 145,500 observations on corn and soybean yields [57], soil nutrients,
and topographic features, this study compared multiple analytical methods including mul-
tiple linear regression, ANN, decision trees, and random forests. Random forest emerged
as the most effective method, achieving R2 values of 0.85 for corn and 0.94 for soybeans,
outperforming other techniques such as MLR. Cross-validation experiments demonstrated
the ability of random forest models to predict yield variations in fields not included in the
training dataset, indicating their potential in precision agriculture for identifying high-yield
areas based on soil and topographic attributes. Another solution for precision agriculture
is presented in [58], which introduces WH-DETR, a high-precision, end-to-end wheat spike
detection network built on an enhanced RT-DETR architecture. This network achieves
an impressive 95.7% Average Precision by utilizing multi-scale feature extraction, opti-
mized convolution techniques, and the EIoU loss metric. WH-DETR outperforms existing
methods. It is also interesting to consider the approach by Tang et al. [59], who propose a
multi-scale inverse bottleneck residual network model based on ResNet-50 for accurate
diagnosis of apple leaf diseases, achieving 98.73% accuracy in recognizing seven types of
leaves, including six diseases. This model enhances computational efficiency and feature
representation, outperforming classical methods by 1.82%.

Sidhu et al. [60] compared traditional linear regression (LR) with boosted regression trees
(BRTs) for predicting crop yield responses to climate change. BRTs showed superior accuracy
by identifying breakpoints in climate-yield relationships and handling complex interactions
among variables affecting crop yields. In simulations and real data from India, BRTs predicted
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a less severe negative impact on rice, wheat, and pearl millet compared to LR, highlighting
the importance of robust modeling techniques in diverse agricultural settings.

Li et al. [61] focused on enhancing crop yield projections under future climates using
a combination of dynamic linear models [62] (DLM), RF, and nine global gridded crop
models [63] (GGCM). By integrating RF with GGCM, significant improvements were
achieved in predicting maize and soybean yields across China. Key factors influencing
yields included chilling days, crop pests and diseases, and drought for maize, and crop pests
and diseases, tropical days, and drought for soybean. The approach reduced uncertainties
for maize and soybean, offering a robust framework to enhance future climate impact
assessments on crop yields.

Understanding soil nutrients and properties helps in managing soil health effectively.
Advances in sensing and computational technologies have made vast amounts of farmland
data accessible, enabling the rapid adoption of ML techniques to analyze soil conditions.
Motia et al. [64] discussed the use of ML in predicting and assessing soil properties to
enhance agricultural soil health management [65] (SHM), highlighting key ML algorithms,
tools, performance metrics, and identifying challenges and future research directions. ML
shows promising potential for sustainable agricultural development through improved
soil property prediction and management practices.

India, the world’s second-largest exporter of agricultural products, relies heavily on
accurate crop yield predictions for food security. Jhajharia et al. [66] used ML techniques to
predict crop yield in the Rajasthan region of India, utilizing multi-source data including
vegetation indices and weather data. Random forest proved to be the most accurate method,
achieving a coefficient of determination (R2) of 0.77, a root mean square error (RMSE) of
0.39 t/ha, and a mean absolute error (MAE) of 0.28 t/ha. The results provide a good
estimation of crop yield prior to harvest, enabling farmers to prepare for environmental
changes that may impact yield.

Agriculture is a key part of India’s economy and a primary source of employment,
exhibiting resilience during the COVID-19 pandemic with a 3.4% growth rate in 2020–2021.
To sustain the growing population and ensure food security, researchers [67] leveraged
technologies like remote sensing (RS) and ML to create smart, sustainable, and lucrative
farming systems. This paper presents a comprehensive review of studies on the application
of RS and ML in addressing agriculture-related challenges in India, covering crop manage-
ment, soil management, and water management. The review, conducted from 2015 to 2022,
highlights the potential of intelligent geospatial data analytics in Indian agriculture, with a
focus on crop management, where RS sensors and ML techniques have yielded substantial
improvements in agricultural monitoring, enabling effective management and valuable
recommendations.

Table 1 summarizes various studies on modeling crop yield based on soil and climate
properties using statistical and ML techniques. Each study focuses on different aspects such
as predicting soil properties, assessing crop yield under climate variables, and exploring
the application of ML in agriculture.

This study aimed to enhance the sustainability of agricultural practices by improving
crop yield predictions through the integration of transformed data with state-specific cli-
matic averages and seasonal adjustments. By incorporating aggregated climatic data—such
as temperature, humidity, pressure, and precipitation—specific to each season and state,
and omitting the year of cultivation from production data, this study sought to increase the
accuracy of yield predictions. One-hot encoding (OHE) was applied to categorical features
like crop type and season. A Deep Neural Network (DNN) was utilized for yield prediction,
with hyperparameters optimized using genetic algorithms (GAs) to maximize the R2 metric.
Furthermore, this study aimed to interpret the DNN model through explainable AI (XAI)
techniques like LIME, highlighting the importance of features such as crop type. Following
this analysis, a classification model was developed to identify the most sustainable crops
for cultivation based on soil and climatic conditions, again employing a GA-optimized
DNN to enhance classification accuracy. Ultimately, this study aimed to demonstrate the
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effectiveness of this integrated approach in promoting sustainable agricultural practices by
improving both crop yield predictions and crop classification.

Table 1. Summary of studies on modeling crop yield and soil properties using statistical and ML
techniques.

Reference Focus Applied Model Limitations

Khanal [32]
Predicting soil properties and
corn yield using aerial imagery
and ML

Random forest, neural
network

Limited to Molly Caren Farm, Ohio;
empirical data-driven approach

Rahman et al. [39]
Predicting soil series and recom-
mending crops based on land
type

Weighted k-NN,
Bagged Trees, SVM

Assumes homogeneous application
of agro-inputs; potential variability
in field conditions

Wickramasinghe et al. [48] Modeling rice yield based on cli-
mate variables in Sri Lanka

ANN, SVMR, MLR,
GPR, PR, RR

Relies on historical data up to early
2019; limited to specific region and
time frame

Diaz et al. [54]
Estimating soil quality indicators
and predicting crop yields using
ML and remote sensing

Various ML algorithms
Challenges in data integration; vari-
able performance across different
agricultural contexts

Malik et al. [68]
Comparative analysis of soil
properties and crop yield predic-
tion using ML

KNN, Naïve Bayes, de-
cision trees

Limited to tomato, potato, and chili
crops; assumes uniform environ-
mental conditions

Liu et al. [36]
Mapping soil properties in Pun-
jab, Pakistan using remote sens-
ing and ML

SVM, RFR, MLR
Relies on satellite and sensor data;
potential inaccuracies in remote sens-
ing data

Yadav et al. [43]
Assessing soil fertility and pre-
dicting crop yield based on soil
features

SVM, random forest,
Naive Bayes, linear re-
gression, MLP, ANN

Limited to soil characteristics; as-
sumes uniform crop management
practices

Motia et al. [64]
Exploring ML techniques for pre-
dicting soil properties and en-
hancing soil health management

Various ML algorithms
Challenges in algorithm selection
and integration with existing agri-
cultural practices

Burdett et al. [56]

Analyzing crop yield responses
to soil and topographic charac-
teristics in Southwestern Ontario,
Canada

MLR, ANN, decision
trees, RFR

Limited to specific geographical
area; potential biases in dataset sam-
pling

Sidhu et al. [60]
Comparing LR and BRTs for pre-
dicting climate change impacts
on crop yields

LR, BRTs
Challenges in capturing complex in-
teractions and non-linear relation-
ships

Li et al. [61]
Integrating DLM, RF, and
GGCM for improving crop yield
projections under future climates

DLM, RF, GGCM
Relies on global gridded crop mod-
els; uncertainties in climate projec-
tions

Jhajharia et al. [66] Crop yield prediction in Ra-
jasthan, India Random forest Limited to Rajasthan region; no men-

tion of scalability

Pokhariyal et al. [67] Review of RS and ML applica-
tions in Indian agriculture Various ML models Limited to studies from 2015 to 2022,

no mention of future directions

2. Materials and Methods
2.1. Yield in India

The first aim of this study is to develop a predictive model for crop yield using a
dataset that includes agricultural data from various states in India spanning from 1997
to 2020 [69]. The dataset comprises several key features, including crop types, cropping
seasons, states, areas under cultivation, production quantities, annual rainfall, fertilizer
usage, pesticide usage, and calculated yields.
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During the process of feature engineering and data preprocessing, several techniques
were applied to enhance the model’s predictive performance. Initially, an encoding scheme
was developed for the cropping seasons by associating each season with specific months
to better capture the temporal effects on crop yield. The mappings are as follows: ‘Whole
Year’ included all twelve months; ‘Kharif’ included June, July, August, and September;
‘Rabi’ included October, November, December, January, February, and March; ‘Autumn’
included September, October, November; and ‘Summer’ included March, April, May, June;
and ‘Winter’ included December, January, and February. This encoding was intended to
incorporate seasonal variations more effectively into the model.

Climate data from NASA, averaged by Indian state, were integrated to account for
environmental factors affecting crop yield according to the season in which the crops were
grown. This climatic data, including temperature and precipitation metrics, was merged
with the primary dataset based on the state where each crop was cultivated. It should be
noted that due to the absence of specific geographic coordinates for the locations where
the crops were grown, climate data averaged by state had to be used, which represents a
limitation of the data.

Categorical features, such as crop and season, were transformed using one-hot encod-
ing to convert them into numerical values suitable for ML algorithms. This conversion
enabled the effective processing of categorical information within the model.

The ‘Year’ and ‘Production’ features were excluded from the predictive modeling
because ‘Production’ correlates with yield. Instead, the focus was placed on predicting
‘Yield’, as it represents a numerical variable (production per unit area) which was defined as
the ratio of production to the area under cultivation. The primary objective was to predict
this ‘Yield’ variable.

DNN architecture was employed to model yield predictions. The design and hyperpa-
rameters of the DNN were optimized using GA to maximize the R2 score. This optimization
process involved iterative adjustments of model parameters to enhance performance. The
GA explored various hyperparameter configurations, resulting in a refined and effective
predictive model.

The integration of feature engineering, climate data, and advanced ML techniques
facilitated the development of a robust model for accurate crop yield predictions. This
methodology highlights the significance of combining diverse data sources and optimizing
model parameters to achieve high predictive accuracy in agricultural forecasting. The
schematic pipeline of this process is shown in Figure 1.

Between 1997 and 2004 (Figure 2), the main trends in crop yields in India included
several key points. Rice remained the primary cereal crop with the largest cultivation areas,
ranging from 40 to 43 million hectares. The area under wheat cultivation also remained
stable, averaging around 23–24 million hectares. There was an increase in the cultivation
areas of pulse crops such as gram, arhar/tur, and moong (green gram). For instance, the
area under gram cultivation grew from 2.4 million hectares in 1997 to 5.5 million hectares
in 2004. Soybean and rapeseed/mustard showed significant growth in cultivation areas.
Soybean cultivation increased from 4.5 million hectares in 1997 to over 7 million hectares in
2004. The areas under sorghum (jowar) and pearl millet (bajra) cultivation also showed
significant fluctuations but remained important crops. The area under pearl millet ranged
from 4.3 to 5.2 million hectares depending on the year. The area under sugarcane cultivation
remained relatively stable, fluctuating around 3.3–4.4 million hectares. The area under
maize cultivation increased from 4.8 million hectares in 1997 to 6.2 million hectares in 2004.
Overall, the period from 1997 to 2004 saw significant changes in the structure of cultivated
areas in India, indicating an adaptation of agriculture to changing market conditions and
climatic factors.

From 2005 to 2012 (Figure 3), India saw a variety of trends in crop production and
yield. During this period, the cultivation area for many crops fluctuated, with notable
increases and decreases in specific years. For example, the area under rice cultivation
showed a consistent increase from 43.4 million hectares in 2005 to 50.8 million hectares
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in 2011, before slightly decreasing to 43.4 million hectares in 2012. Wheat cultivation also
saw a general upward trend, with the area increasing from 25.6 million hectares in 2005 to
27.2 million hectares in 2011, followed by a slight drop in 2012.

Crop Yield 

Prediction

Crop Type

Crop Year

Season State

Area

Production
Annual

Rainfall

FertilizerPesticide Yield

Integrated 

averaged climate 

data by state

Aggregated 

climate data 

by season.

Excluded the crop year,  

production and annual

rainfall

Applied OHE 

to Crop and 

Season

Initial Data

Yield 

Prediction 

Model

Deep Neural 

Network 

(DNN)

GA for 

hyperparameter 

tuning.

Maximization of R² as 

the objective function

Model 

Interpretation
Explainable AI (XAI) 

using LIME for model 

interpretation.

Identified that features 

like Crop play a significant 

role in predicting yield

New Dataset for 

Crop Classification

Climate data: 

Temperature, 

Humidity, pH, 

Rainfall 

(averaged as 

optimal for each 

crop)

 Soil data: 

Nitrogen

Phosphorus

Potassium

Conclusions Supporting the Approach

Soil and climate data for classifying crops 

optimal for given conditions proved effective.

Predicting and classifying crops based on 

climate and soil data allows for more accurate 

agricultural planning.

Figure 1. Summary of crop yield prediction and the classification process.

Significant changes were observed in the cultivation of pulses. The area under
Arhar/Tur (pigeon pea) cultivation fluctuated, peaking at 4.3 million hectares in 2009
before declining to 2.9 million hectares in 2012. Moong (green gram) and Urad (black gram)
also experienced similar fluctuations.

Oilseed crops such as soya beans, saw an increase in cultivation area, growing from
7.6 million hectares in 2005 to 9.6 million hectares in 2011, then dropping to 7.3 million
hectares in 2012. Groundnut cultivation showed some volatility, with the area rising to over
6 million hectares in 2006 and 2008, but then dropping to around 4.4 million hectares in
2011 and 2012.

Cotton cultivation experienced significant growth, especially from 2009 onward, with
the area increasing from 8.7 million hectares in 2005 to a peak of 11.6 million hectares in
2010, before settling at around 8.2 million hectares in 2012.

Sugarcane cultivation remained relatively stable, with a slight increase from 4.6 million
hectares in 2005 to around 4.8 million hectares by 2012. Other crops such as potato, maize,
rapeseed, and mustard also saw variations in their cultivation areas but remained key crops
in Indian agriculture during this period.
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Figure 2. Trends in crop cultivation areas in India (1997–2004). The areas are indicated in hectares.
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Figure 3. Trends in crop cultivation areas in India (2005–2012). The areas are indicated in hectares.
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Observations reveal that rice and wheat consistently occupy the largest areas among
all crops across the years. Cotton, soybeans, sugarcane, and chickpeas also cover significant
areas, indicating their importance in agriculture. Trends over the years show that the area
under rice fluctuated, with the lowest point in 2015 at 42,993,617 hectares and peaking in
2019 at 47,114,882 hectares. Similarly, the area under wheat varied, reaching its highest
point in 2021 at 29,718,900 hectares. The cotton area displayed notable fluctuations, with
a peak in 2019 at 12,723,411 hectares. Soybean cultivation increased until 2019, reaching
11,090,458 hectares, after which it began to decline. These trends suggest that the area
dedicated to rice and wheat has remained substantial despite variations, highlighting
their enduring significance. The fluctuations in cotton and soybean cultivation might
be influenced by factors such as weather conditions, government policies, and market
dynamics. The analysis of data from 2013 to 2020 (Figure 4) shows that, despite the changes,
rice and wheat continue to dominate in terms of cultivated area, reflecting their role in
agriculture. The decrease in the area under rice and wheat in 2020, with rice falling to
257,251 hectares and wheat to 297,189 hectares, likely reflects incomplete data, as the
area under cotton was not available and soybean cultivation dropped to 7246 hectares.
Examining these trends over a longer period could offer deeper insights into the long-term
shifts in agricultural practices and the factors driving them.

2.2. Crop Dataset

Optimal crop cultivation requires selecting the most suitable environmental and soil
conditions for each specific crop, ensuring that each crop thrives under the best possible
circumstances for its growth and yield. The dataset [70] enables users to develop predictive
models that recommend the most suitable crops for cultivation based on a variety of soil and
environmental parameters. Figures 5 and 6 present histograms illustrating the distribution
of cultivated crops in relation to key environmental characteristics.

One important climatic characteristic is ambient temperature (Figures 5a and 6a), mea-
sured in degrees Celsius. Temperature is an environmental factor influencing plant growth,
development, and yield [71,72]. Each crop species has an optimal temperature range in which
it flourishes, and deviations from this range can adversely affect growth and productivity. By
closely monitoring temperature, farmers can select crops that are best adapted to the climatic
conditions of a particular region, thereby enhancing agricultural efficiency and output.

Humidity (Figures 5b and 6b) refers to the relative humidity of the environment,
expressed as a percentage [73]. It influences the rate of transpiration—the process by which
plants lose water vapor through their leaves. High humidity can reduce transpiration,
potentially affecting water uptake and nutrient transport. Conversely, low humidity
increases transpiration, which may lead to water stress. Understanding the impact of
humidity levels is essential for effective irrigation management and maintaining optimal
plant health.

pH (Figures 5c and 6c) measures the potential of hydrogen in the soil [74,75] and
indicates its acidity or alkalinity. Soil pH significantly affects nutrient availability and
microbial activity. Each crop has specific pH requirements for optimal growth. Maintaining
the correct soil pH ensures that nutrients are accessible to plants and supports a healthy
microbial community.

Rainfall (Figures 5d and 6d) quantifies the amount of precipitation in millimeters
and serves as a primary water source for crops [76,77]. It impacts soil moisture levels and
irrigation needs. Adequate rainfall is a key factor for crop growth, while excessive or insuf-
ficient rainfall can lead to issues such as waterlogging or drought stress. Understanding
rainfall patterns aids in planning irrigation strategies and choosing crops suited to specific
rainfall conditions.
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Figure 4. Trends in crop cultivation areas in India (2013–2020); 2020 has incomplete data. The areas
are indicated in hectares.
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Figure 5. Histograms depicting the distribution of cultivated crops across various environmental
factors: temperature (a), humidity (b), pH (c), and rainfall (d). The data represents crops including rice,
maize, chickpea, kidney beans, pigeon peas, moth beans, mung bean, black gram, lentil, pomegranate,
and banana.

Histograms of crop distribution reveal how climatic factors such as temperature and
rainfall vary among different crops. For example, crops like bananas and coconuts require
higher rainfall, between 250 and 300 mm, while pigeon peas and moth beans thrive with as
little as 50 mm. Papayas and grapes exhibit high heat tolerance, with grape temperatures
ranging widely from 8 to 43 degrees Celsius. Humidity preferences also differ, with
mangoes requiring humidity levels above 70%, whereas coconuts and musk melons thrive
in conditions exceeding 90%.
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Figure 6. Histograms depicting the distribution of cultivated crops across various environmental
factors: temperature (a), humidity (b), pH (c), and rainfall (d). The data represent crops including
mango, grapes, watermelon, muskmelon, apple, orange, papaya, coconut, cotton, jute, and coffee.

Figures 7 and 8 show histograms of nitrogen (N), phosphorus (P), and potassium (K)
levels across various crops, highlighting distinct nutrient requirements. For instance, nitro-
gen levels vary widely, with maize and bananas showing higher concentrations compared
to pulses like chickpeas and lentils. Phosphorus levels also differ, with rice requiring more
phosphorus than pomegranate. Potassium distribution reveals varying crop needs, with
chickpeas having higher potassium levels compared to moth beans.
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Figure 7. Histograms illustrating the distribution of cultivated crops based on key macronutrient
features: nitrogen (a), phosphorus (b), and potassium (c). The crops analyzed include rice, maize,
chickpea, kidney beans, pigeon peas, moth beans, mung bean, black gram, lentil, pomegranate,
and banana.

Nitrogen (Figures 7a and 8a) is a component of chlorophyll [78], the pigment re-
sponsible for photosynthesis, and amino acids, which are the building blocks of proteins.
Adequate nitrogen levels are vital for healthy crop development, significantly impacting
overall growth and yield.

Phosphorus (Figures 7b and 8b) plays a role in energy transfer [79], photosynthesis,
and the movement of nutrients within plants. It is also essential for root and flower
development. Maintaining optimal phosphorus levels is crucial for ensuring robust plant
health and maximizing productivity.

Potassium (Figures 7c and 8c) regulates various physiological processes, including
water uptake [80], enzyme activation, and photosynthesis. Sufficient potassium levels
enhance a plant’s disease resistance, improve water use efficiency, and boost both crop
quality and yield.
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Figure 8. Histograms illustrating the distribution of cultivated crops based on key macronutrient
features: nitrogen (a), phosphorus (b), and potassium (c). The crops analyzed include mango, grapes,
watermelon, muskmelon, apple, orange, papaya, coconut, cotton, jute, and coffee.

Soil nutrient levels, specifically nitrogen (N), phosphorus (P), and potassium (K),
showcase variability, spanning deficient to nutrient-rich soils. Nitrogen, which ranges from
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0 to 140 mg/kg with a mean of 50.55 mg/kg, is vital for vegetative growth and chlorophyll
synthesis, making it relevant for leafy crops like rice and maize. Phosphorus levels, with
a range from 5 to 145 mg/kg and a mean of 53.36 mg/kg, influence root development,
especially in the early growth phases. Phosphorus is strongly correlated with potassium
(correlation coefficient of 0.74), indicating that these nutrients often co-exist in balanced
soils. This synergy could favor crops with combined nutrient demands, such as root
vegetables or legumes, which require robust root systems for optimal growth. Potassium,
varying from 5 to 205 mg/kg with a mean of 48.15 mg/kg, is essential for water regulation
and disease resistance. Crops like bananas and other tropical fruits, which are highly
potassium-dependent, could benefit from this range of potassium levels.

The temperature range captured in the dataset, from 8.8 ◦C to 43.7 ◦C, with an average
of 25.6 ◦C, reflects diverse climatic conditions that accommodate both cool and warm-
weather crops. Warmer temperatures, for instance, could support heat-tolerant crops like
maize and cotton, while cooler temperatures below 20 ◦C would be ideal for fruits like
apples and grapes. Humidity, ranging from 14.3% to nearly 100% and averaging at 71.5%,
further enhances this diversity. High humidity levels may support tropical crops, while
lower levels favor drought-resistant varieties like chickpeas and pulses. The positive corre-
lation between potassium and humidity (0.19) suggests that soils in humid environments
often have higher potassium levels, potentially supporting potassium-dependent crops
that thrive in moist conditions.

Soil pH, ranging from 3.5 to 9.9 with a mean of 6.47, represents an extensive spectrum
from acidic to moderately alkaline soils. This variation is significant, as pH influences
nutrient availability and soil microbial activity. Neutral to slightly acidic soils (pH 6–7)
are generally ideal for a broad range of crops, while strongly acidic soils (below pH 5.5)
are favorable for crops like coffee and citrus, which are well-suited to such conditions.
Conversely, moderately alkaline soils can support crops that thrive at a higher pH, like
barley and some legumes.

Rainfall spans from 20.2 to 298.6 mm, with an average of 103.46 mm, covering arid
to monsoon-like conditions. This variability allows the dataset to account for crops with
high water demands, like rice and sugarcane, as well as those adapted to low rainfall,
such as chickpeas and lentils. Additionally, the positive correlation between rainfall and
humidity (0.09) underscores the interdependence of these conditions, which can impact
crop resilience to water availability.

2.3. DNN Methodology

An approach to optimizing hyperparameters for a DL model applied to a regression
and classification task using GA [81] was employed.

GA offers a robust advantage in hyperparameter optimization by adaptively exploring
complex, high-dimensional search spaces, reducing the risk of local optima, and handling
mixed parameter types more efficiently than, for example, grid search or Bayesian opti-
mization. Grid search [82], though effective in exploring a pre-defined parameter space,
becomes computationally expensive when the parameter space is large. It exhaustively
evaluates each possible combination of parameters, which can be infeasible for models
with high-dimensional hyperparameter spaces, resulting in a substantial time and resource
cost. Bayesian optimization [83], while more efficient, relies on probabilistic modeling
(e.g., Gaussian processes) to select promising parameters and can struggle with highly
non-linear, irregular search spaces due to its reliance on the assumptions embedded in its
surrogate model. Bayesian methods also have limited flexibility in adjusting to dynamic
fitness landscapes, which can lead to suboptimal performance in scenarios with complex,
multi-modal parameter relationships.

Initially, data were loaded and preprocessed. The dataset, imported from a CSV file,
was divided into feature and target variables. The target variable was encoded using the
LabelEncoder method and transformed into a one-hot encoded format suitable for the
classification model.



Sustainability 2024, 16, 9437 16 of 29

The data were then split into training and testing sets, and the StandardScaler method
was applied to standardize the features, ensuring a mean of zero and a standard deviation
of one.

The model architecture employed was a TensorFlow Keras DNN. The hyperparameter
space included a wide range of configurations, with the number of layers varying from 1
to 20 and neurons per layer ranging from 1 to 128. This flexibility enabled fine-tuning of
the network’s depth and density to determine the optimal setup. Activation functions [84]
used included ReLU, Sigmoid, Tanh, Softmax, Softplus, Softsign, ELU, SELU, GELU, hard
Sigmoid, and linear, enabling the selection of the most suitable functions for the data.
Various optimization algorithms [85] were employed to adjust the learning rate during
training, including Adam, SGD, RMSprop, Adagrad, Adadelta, Adamax, and Nadam.
Learning rates were parameterized at 0.0001, 0.001, 0.01, and 0.1 to fine-tune gradient
descent for optimal convergence. Categorical cross-entropy was used as the loss function
for multiclass classification, determining how the network penalizes errors.

The overall hyperparameter space H for a TensorFlow Keras DNN can be described
mathematically as follows:

• Number of layers:
L ∈ {1, 2, . . . , 20}

where L denotes the total number of layers in the network.
• Number of neurons per layer:

Nl ∈ {1, 2, . . . , 128} for l ∈ {1, 2, . . . , L}

where Nl represents the number of neurons in the l-th layer.
• Activation functions:

A ∈ {Linear, Hard Sigmoid, GELU, SELU, ELU, Softsign,

Softplus, Softmax, Tanh, Sigmoid, ReLU}

where A denotes the activation function applied in each neuron.
• Optimizers:

O ∈ {Nadam, Adamax, Adadelta, Adagrad, RMSprop, SGD, Adam}

where O represents the optimization algorithm used for training the network.
• Learning rates:

η ∈ {0.0001, 0.001, 0.01, 0.1}

where η is the learning rate parameter used in the optimization process.
• Loss function for classification task:

L fc = Categorical cross-entropy

where L fc is the loss function employed for evaluating the performance of the classifi-
cation model.

• Loss function for the regression task:

L fr = MSE, MAE, logcosh, huberloss

where L fr is the loss function employed for evaluating the performance of the regres-
sion model.

The overall hyperparameter space H for a TensorFlow Keras DNN can be described
as follows:

H = {(L, N, A, O, η, L f )}
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The fitness function [86] evaluated the quality of models trained with different hyper-
parameter combinations. It involved building and compiling the model with the selected
hyperparameters, training it on the training data with fixed epochs and batch size, and
testing it on a held-out test set. Model predictions were compared with true class labels to
calculate accuracy, which served as the primary criterion for the fitness function. Addition-
ally, loss history and accuracy at each training step were recorded, providing a detailed
evaluation of the training process and stability.

Results from each generation of the algorithm were stored, allowing analysis of
the hyperparameter evolution [87] and the effectiveness of the GA. This comprehensive
assessment guided the evolutionary process toward identifying the best hyperparameters
for the classification task.

Model quality was assessed using accuracy. The evaluation involved compiling the
model with the specified optimizer and loss function, training it on the training set, and
making predictions on the test set. Prediction accuracy was computed using the accuracy
score function from the scikit-learn library.

The described GA process could be defined mathematically as follows:

• Generate an initial population P0 of candidate hyperparameter sets {hi}N
i=1, where

each hi includes the following:

hi = (Li, Ni, Ai, Oi, ηi, L f )

• For each hyperparameter set hi, train the model on the training dataset for E epochs
and batch size B.

Train(hi, E, B)

• Test the model on a held-out test set to compute the DOR for the classification task:

Accuracy =
Number of Correct Predictions

Total Number of Predictions

and, for the regression task:

R2 = 1 −
∑M

j=1(yj − ŷj)
2

∑M
j=1(yj − ȳ)2

where yj are true values, ŷj are predicted values, and ȳ denotes the mean of the true
values.

• Define the fitness function F(hi) as accuracy or R2 for the required task:

F(hi) = Accuracy F(hi) = R2

• Select individuals with higher fitness scores using a selection strategy (e.g., roulette
wheel or tournament selection).

• Perform crossover between pairs of selected individuals to create offspring. Let hi and
hj be the parents; the offspring h′

ij is generated by the following:

h′
ij = Crossover(hi, hj)

• Apply mutation to the offspring to introduce genetic diversity:

h′′
ij = Mutation(h′

ij)

• Form a new population Pt+1 by combining the offspring with the best individuals
from the current generation:

Pt+1 = SelectBest(Pt ∪ Offspring)



Sustainability 2024, 16, 9437 18 of 29

• Continue iterations until a stopping criterion is met (e.g., the maximum number of
generations G or convergence):

t = min(G, Convergence)

• Identify the best hyperparameter set hbest based on the highest fitness score:

hbest = arg max
hi∈PG

F(hi)

• Analyze the evolution of hyperparameters across generations to evaluate the
GA’s effectiveness:

Analyze(P0,P1, . . . ,PG)

3. Results

Figure 9 illustrates the model accuracy evolution across various neural network config-
urations, sorted in ascending order. Initially, over 250 individuals exhibited low accuracy,
below 0.2. Subsequently, a rapid increase in accuracy was observed up to 0.95 by the
350th individual, stabilizing around 0.97 ± 0.01 up to the 450th individual. The maximum
accuracy of 0.998 was achieved at the final point.

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Individuals

0.2

0.4
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0.8
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Figure 9. Evolution of metrics sorted in ascending order.

Table 2 presents the best hyperparameter configurations obtained after the optimiza-
tion process. It includes the number of layers, neurons per layer, activation functions,
optimizer, learning rate (alpha), and the corresponding metrics achieved by each config-
uration. Metric scores are derived from a rigorous evaluation process involving 5-fold
cross-validation, which ensures that the reported results are robust and generalizable across
different subsets of the data. This approach helps to mitigate overfitting and provides a
reliable estimate of model performance.

Figure 10 presents a comparison between actual and predicted yield values for the
architecture ‘Yield prediction’ from Table 2. This analysis aims to illustrate the model’s
accuracy in forecasting agricultural outcomes. With an. With an R2 value of 0.92, there is a
strong correlation between the predicted and actual yield predictions.

The integration of explainable AI (XAI) techniques, such as local interpretable model-
agnostic explanations (LIME), into DNNs aimed at yield prediction is important for appli-
cations in agriculture. Understanding the contribution of various factors to crop yield can
enhance decision-making and policy formulation. The LIME diagram (Figure 11) highlights
the top 70 features impacting the model’s predictions. These features are categorized into
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two main groups based on their impact direction and magnitude. Negative impact fea-
tures negatively influence yield predictions, with significant contributors including various
crops (e.g., Soybean, Cotton, Wheat, Rice), seasonal factors (e.g., summer, winter, Kharif,
Rabi), and environmental parameters (e.g., temperature, humidity, precipitation). Positive
impact features positively influence yield predictions, although the specific positive impact
features are not explicitly listed in the provided diagram snippet.

Table 2. DNN hyperparameter configurations and scores on the test set.

Task Layers Neurons
Per Layer

Activation
Functions Optimizer Alpha Loss

Function Metrics Type Score

Yield
prediction 2 [24, 126] [Softmax, Softsign] Adamax 0.1 MSE

R2 score 0.92 ± 0.04

RMSE 2.45 ± 0.12

MPE 1.75 ± 0.09

Crop se-
lection 2 [79, 111] [linear, GELU] Adam 0.001

categorical
cross-
entropy

Accuracy 0.87 ± 0.11

Crop se-
lection 6 [36, 53, 62,

9, 39, 9]

[linear, Tanh,
ReLU, Tanh,
Sigmoid, ...]

Adagrad 0.100
categorical
cross-
entropy

Accuracy 0.91 ± 0.07

Figure 10. Comparison of actual and predicted yield values, demonstrating the model’s high accuracy
with an R2 of 0.92, which confirms its effectiveness in forecasting.

Analyzing the key features, crop-specific features like soybean, cotton, wheat, and rice
exhibit significant negative impacts on yield prediction. This could indicate the model’s
sensitivity to the areas under these crops, suggesting their critical role in determining
overall yield. The impact of different seasons (e.g., summer, winter, Kharif, Rabi) on
yield prediction highlights the importance of temporal factors in agricultural productivity.
Variables such as temperature, humidity, and precipitation reflect the model’s reliance on
climatic conditions to predict crop yields accurately.

To improve the model, incorporating real-time data from remote sensing technolo-
gies, such as satellites, can enhance the model’s responsiveness to dynamic environmental
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changes. While GA has proven effective for HPO, it is computationally intensive. Future re-
search could explore hybrid approaches combining GA with other optimization algorithms
to enhance efficiency and scalability. Developing region-specific and crop-specific models
can improve prediction accuracy by tailoring models to local environmental conditions and
agricultural practices, thereby enhancing their relevance and applicability. Expanding the
dataset to include diverse geographical regions and more comprehensive environmental
variables can improve the model’s generalizability, ensuring that it performs well across
different contexts and is not overly reliant on region-specific data. Ensuring robust and scal-
able predictions across various regions and contexts necessitates the integration of multiple
environmental variables. This includes climatic factors, soil conditions, and agricultural
practices, which can be challenging but essential for accurate yield predictions.
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Figure 11. LIME explanations of the ‘Yield prediction’ DNN architecture from Table 2.

The confusion matrices for crop selection models (from Table 2) are depicted in
Figure 12, illustrating minimal inter-class misclassification, as evidenced by the near ab-
sence of off-diagonal elements. The labels used in the tables are as follows: apple (0),
banana (1), black gram (2), chickpea (3), coconut (4), coffee (5), cotton (6), grapes (7), jute (8),
kidney beans (9), lentil (10), maize (11), mango (12), moth beans (13), mung bean (14),
muskmelon (15), orange (16), papaya (17), pigeon peas (18), pomegranate (19), rice (20),
and watermelon (21).

The difference between the architectures is particularly notable for moth beans (13),
where the two-layer model correctly identifies 21 entries, while the six-layer model achieves
24 correct identifications. There is also some minor confusion observed with the lentil
class (10).
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Figure 12. Confusion matrices for the model’s crop selection (from Table 2) for the test set.

4. Discussion

Yield prediction and the selection of optimal conditions for crop growth are vital
components of modern agriculture. The application of ML techniques to these tasks has the
potential to transform agricultural practices by providing accurate, data-driven insights that
can improve productivity and sustainability. The workflow diagram in Figure 13 outlines
the structured approach for crop yield prediction and optimization using ML. Divided into
key stages, this framework highlights the steps from data acquisition to interpretation and
future directions.

ML algorithms are increasingly being used to predict crop yields based on various
environmental, climatic, and agricultural factors. These algorithms analyze historical
data to identify patterns and make predictions about future yields. Commonly used
ML techniques in this domain include DNNs, support vector machines [88] (SVMs), and
random forests [89] (RFs). DNNs are capable of modeling complex, non-linear relationships
between input features and yield outcomes. They are particularly effective when large
datasets are available, as they can learn intricate patterns from the data. SVMs are used for
regression and classification tasks and have been applied to yield prediction due to their
ability to handle high-dimensional spaces and define clear decision boundaries. RFs are
ensemble methods that combine multiple decision trees to improve predictive accuracy
and control overfitting [90]. They are useful in yield prediction due to their robustness
and interpretability.

ML models utilize a wide array of features to predict crop yields. These features can be
broadly categorized into environmental, climatic, and agricultural factors. Environmental
factors such as soil type, pH levels, nutrient content, and topography influence crop
growth and yield. Climatic factors, including temperature, humidity, precipitation, and
solar radiation, are critical determinants of crop performance. Agricultural practices like
crop variety, planting density, irrigation practices, and fertilizer usage directly impact
yield outcomes.

This study highlighted the integration of GA optimization with DNN for yield predic-
tion. The model was optimized with specific parameters, including the number of layers,
activation functions, optimizer, and learning rate, achieving a high R2 score of 0.92 ± 0.04.
Local interpretable model-agnostic explanations (LIME) were employed to provide in-
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sights into the model’s decision-making process, identifying key features such as crop
type, seasonal factors, and environmental conditions. While LIME plots offered insights
into the model’s decision-making, future research should explore more advanced methods
like Shapley additive explanations [91] (SHAP). Utilizing SHAP can offer deeper insights
into feature contributions and enhance model transparency. Comparative experiments
between LIME and SHAP could validate the robustness of explanations and improve the
credibility of the model. This focus on interpretability is essential for building trust in
machine learning applications, especially in critical domains where understanding model
behavior is vital.

Crop Yield Prediction and Optimization Workflow

Data Preparation

Modeling & Optimization

Interpretation & Future

Input Data Sources Feature Extraction and Data Preprocessing

ML Models for Yield Prediction Optimization Techniques

Interpretability Models Result Interpretation and Communication

Challenges and Limitations Future Directions

Environmental, climatic, and
agricultural data from diverse sources

Cleaning, normalizing, and
selecting relevant features

Using DNNs, SVMs, RFs for prediction GA optimization for hyperparameters
and efficiency

LIME for initial insights,
SHAP for advanced explanation

Visuals, reports, and decision support
for policy-making

Data quality, computational power,
generalizability issues

Real-time data, expanded datasets,
and new optimization methods

Figure 13. Workflow diagram for crop yield prediction and optimization using ML techniques.

Translating complex model explanations into accessible graphics or concise reports is
essential for enhancing the usability of research findings among users and policymakers.
Such visual representations can demystify intricate analytical results, making them more
comprehensible to non-expert audiences. For example, Berget [92] introduces a spatial
multi-agent programming model designed to evaluate policy options for the diffusion
of innovations and changes in resource use. Utilizing a multi-agent/cellular automata
approach, the model explicitly captures the social and spatial interactions of heterogeneous
farm households, incorporating economic and hydrologic processes to analyze the impacts
of water use for irrigation and the adoption of agricultural innovations. Agricultural sys-
tems science offers insights for tackling complex issues and making informed decisions. As
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researchers strive to create next-generation models, it is notable to reflect on the rich history
of agricultural modeling, which encompasses diverse approaches and collaborations [93].
By learning from past developments, the community can effectively advance future models
and decision support systems while avoiding common pitfalls.

Despite the successes, several challenges remain in the application of ML to yield
prediction and optimal crop growth conditions. High-quality, comprehensive datasets are
essential for training accurate ML models. Data gaps [94] can particularly limit model
effectiveness. While complex models like DNNs offer high predictive accuracy, they often
operate as “black boxes” [95]. Techniques like LIME are essential for interpreting these
models, but further advancements in explainable AI are needed. Models trained on data
from specific regions or conditions may not generalize well to other areas. Incorporating
diverse datasets from various geographical regions can improve model robustness. Training
complex ML models, especially those involving GA optimization, requires significant
computational power. Developing more efficient algorithms and leveraging cloud-based
solutions can mitigate this challenge.

Additionally, the model’s limitations include reduced accuracy in predicting yields
for less common crops [96], such as pigeon peas, moth beans, and other niche varieties,
which may not have as extensive historical or environmental data available. Moreover,
crops grown in challenging or extreme conditions—such as drought-prone or highly saline
areas—are harder to model accurately [97]. This is due to limited data on crop resilience
and the complex interactions between environmental stressors and crop performance that
the model may not fully capture.

Expanding the model’s applicability to developing countries could provide more
agricultural benefits. By integrating insights from these findings into decision-support
tools, smallholder farmers in resource-limited settings could optimize crop selection and
timing. Such models, when combined with mobile technology and IoT-based soil and
weather monitoring, could empower farmers with predictive insights, helping them adapt
to climate variability, improve yield forecasts, and make informed decisions to increase
food security and reduce losses [98].

To improve the model, incorporating real-time data from remote sensing technologies,
such as satellites and IoT devices [99], can enhance model accuracy and responsiveness
to changing conditions. Combining GA with other optimization algorithms can improve
efficiency and scalability, reducing computational demands. Additionally, integrating
GA optimization significantly enhances the performance of DNNs by fine-tuning their
hyperparameters, thereby improving predictive accuracy. While utilizing random choice
for HPO can still wield significant influence over DNN performance, their optimal values
often remain elusive due to the exponential space and complex interactions involved.
Traditional methods are often impractical for this purpose, but evolutionary algorithms
like GA offer scalable solutions.

It should also be noted that the dataset used in this study was primarily limited
to specific regions and crop types, which presents a potential limitation in the model’s
generalizability. This regional and crop-specific focus means that while the model performs
well within the confines of the dataset, its applicability to broader geographical areas and
a more diverse range of crops may be constrained. Future research could address this
limitation by expanding the dataset to include additional regions with varying climates, soil
conditions, and a wider variety of crop types. Such an expansion would not only improve
the model’s robustness and predictive accuracy across diverse agricultural settings but also
enhance its adaptability to different environmental conditions, making it more broadly
applicable to real-world agricultural challenges. This broader dataset could enable more
comprehensive yield prediction and crop recommendations that are relevant across various
regions, ultimately contributing to more sustainable and adaptable agricultural practices.

Big data applications in agriculture are advancing but face challenges in scalability and
real-world readiness due to the inherent complexity of agricultural data (volume, velocity,
variety, veracity). Although the adoption of big data in agriculture is growing, practical
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deployment remains limited, as most solutions require domain-specific customization
and remain at a low technological maturity level [100]. Addressing these gaps requires
both practical engineering and systems-thinking approaches to deliver scalable, affordable,
and user-friendly solutions tailored to agriculture’s unique needs. However, the current
study did not delve into the specific challenges associated with existing data processing
technologies. Issues such as processing speed, data integration from disparate sources, and
the security of data storage and transmission are factors that can impact the feasibility and
effectiveness of big data applications in agriculture. Without addressing these challenges,
the potential of big data to transform agricultural practices may be constrained, as process-
ing bottlenecks and security vulnerabilities could limit its accessibility and reliability for
widespread agricultural use. Future studies should explore these technical challenges in
greater depth to provide solutions that enhance data processing efficiency and security,
thereby facilitating the broader adoption of big data technologies in the agricultural sector.

For example, Shrestha et al. [101] integrated nature-inspired enhancements and Monte
Carlo-based methods to enhance DNN architecture for superior accuracy on datasets
compared to traditional genetic algorithms. Their study leveraged augmented datasets
comprising comprehensive rainfall, climate, and fertilizer data sourced from India, serving
as robust training and validation sets for the model. By employing GA, the DNN achieves
superior classification results, effectively identifying optimal crop choices tailored to diverse
environmental scenarios. Another approach, suggested by Liu et al. [36], involves a hybrid
intelligent genetic algorithm (HIGA) that integrates DNNs and GAs. A two-step training
approach refines the DNN with data from the optimization process, enhancing predictive
accuracy for efficient truss optimization. Evaluating three classic truss problems validates
the method’s effectiveness while exploring various settings demonstrates its robustness
and applicability in improving optimization performance and efficiency.

DNN layers are complex loops that can be organized, tiled, and scheduled in various
ways on DNN accelerators. Optimal per-layer mappings are beneficial, yet selecting the
right mapping remains challenging due to the vast map space. Kao et al. [102] introduced
GAMMA, a genetic algorithm-based approach tailored for hardware mapping. Unlike
previous methods limited to specific accelerators or mappings, GAMMA explores a flex-
ible map space efficiently. Comparative evaluations demonstrate GAMMA consistently
outperforms other methods in finding optimized mappings.

Despite its strengths, this approach exhibits several limitations that warrant consid-
eration for future research directions. Firstly, while the DNN model proves effective in
predicting crop suitability based on available environmental data, its reliance on historical
datasets may limit its adaptability to real-time or dynamically changing conditions [103].
Incorporating real-time data, potentially obtained from remote sensing, particularly satel-
lites [104], could enhance global and regional analysis of crop conditions and production.
For example, Wu et al. [105] employ a hierarchical approach that integrates climatic and
remote sensing indicators at multiple scales—from global environmental conditions to
detailed assessments at the national and sub-national levels. This methodology provides
accurate and timely information, supporting food producers with insights into crop health,
farming intensity, and production trends.

The complexity of integrating multiple environmental variables into the model poses
challenges in ensuring the robustness and scalability of the predictions across different
geographical regions and varying agricultural contexts. Furthermore, the use of GA for
HPO, while effective, requires significant computational resources [106] and time-intensive
experimentation. Future studies could explore more efficient optimization techniques
or hybrid approaches that combine GA with other classification algorithms to further
enhance model performance and scalability. Additionally, incorporating more diverse
and comprehensive datasets from global regions could improve the generalizability and
applicability of the model beyond specific geographical boundaries.

By advancing these methodologies, it is possible to enhance the precision and applica-
bility of crop yield predictions across different regions and crops. Exploring the integration



Sustainability 2024, 16, 9437 25 of 29

of advanced optimization techniques and leveraging diverse data sources will be piv-
otal in developing robust, scalable models capable of addressing the dynamic challenges
in agriculture. This multifaceted approach holds the potential to significantly improve
agricultural productivity and sustainability worldwide.

5. Conclusions

The application of GA optimization enhances the predictive accuracy and performance
of DNNs by fine-tuning their hyperparameters. By utilizing augmented datasets from
India that include rainfall, climate, and fertilizer data, the model is effectively trained
and validated, achieving a resulting R2 score of 0.92 ± 0.04. GA significantly improves
hyperparameter optimization, allowing the DNN to deliver superior classification results
and identify optimal crops suited to diverse environmental conditions.

Future research could expand the DNN-GA yield prediction model’s scope by adapt-
ing it to diverse and less common crops, allowing for better regional customization and
climate resilience modeling. Integrating real-time IoT data (e.g., soil moisture, temperature)
would support precision agriculture by providing timely insights, while improvements in
feature engineering could highlight key variables that most affect yield, enhancing both
model simplicity and interpretability. Developing computationally efficient versions of
the model would also make it accessible to farmers in low-resource settings, where data
and processing power are limited. Additionally, the model could have cross-applications
in agricultural insurance and economic risk assessment, offering reliable forecasts that
inform crop-specific insurance products and sustainable farming practices. Finally, em-
bedding this model in agronomic advisory systems would help farmers make data-driven
decisions, from planting schedules to resource management, bolstering productivity and
sustainability in the agricultural sector.

In conclusion, this study highlights the potential of DNNs and GA in promoting
sustainability within precision agriculture. However, ongoing research should address
challenges related to data availability, model interpretability, generalizability, and computa-
tional resource requirements. Incorporating real-time data, developing hybrid optimization
techniques, creating region-specific models, and integrating diverse datasets will further
enhance the adaptability, accuracy, and applicability of predictive models. By tackling
these challenges, the agricultural sector can advance toward more sustainable and efficient
practices on a global scale.
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