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Abstract:

Machine learning methods that utilize multiple models, known as ensemble methods, have proven to be
superior to single models by accurately capturing the data distribution and minimizing prediction bias and
instability. These methods have significantly transformed the agricultural sector, particularly in the area of
corn quality classification and regression. This review aims to consolidate various machine learning
applications in agriculture, specifically in assessing corn quality, by examining relevant databases and
online resources. It includes a systematic review of articles from the past five years that utilized machine
learning models such as Support Vector Machine (SVM), Random Forest, Linear Regression,
Convolutional Neural Network (CNN), Artificial Neural Network (ANN), K-Means Clustering, Principal
Component Analysis (PCA), and Decision Tree. The review concludes that the effectiveness of these
models is contingent on the specific task, the nature of the data, and the unique requirements of the
problem.
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Machine learning ensembles, composed of groups
of models, outperform individual models by
accurately capturing data distribution and limiting
prediction bias and volatility. Al, specifically
machine learning, has significantly influenced
agriculture by utilizing large and diverse data.
Supervised learning trains machines using various
models to make accurate predictions on new data.
Unsupervised learning approaches enable machines
to identify trends and connections in large data sets

(3], [4].

I. INTRODUCTION

The rapid global population growth increases
food consumption, straining modern agriculture.
This industry faces challenges like changing
climate, depleting resources, shifting food habits,
and health concerns. Adopting eco-friendly and
efficient techniques is crucial. Precision agriculture,
focusing on sustainability, optimal production, and
environmental safety, has emerged as a solution.
Technological advances, particularly in large
dataset integration and analysis, have improved

yield prediction capabilities. Machine learning has
proven to be a faster and more adaptive prediction
method compared to traditional crop modeling
methodologies.[1],[2]

A. Corn Quality Parameters

Businesses constantly introduce new or improved
marketing strategies in an effort to achieve
operational excellence in the present dynamic and
static competitive landscape. Improving customer
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satisfaction is attained by consistently improving
the characteristics of products or services with the
goal of providing higher quality offers [5]. The
word "quality" in the industry refers to a variety of
characteristics that are thought to be connected to a
company's financial performance metrics and
general business success. Engaging with quality is
considered a strategy for achieving higher returns
[6]. On the other hand, Quality criteria offer an
organized framework for assessing and preserving
the quality of goods, services, or procedures. Their
significance is not limited to, consumer delight; it
also encompasses regulatory compliance, efficiency
enhancements, and general corporate performance.
With these quality parameters, it helps to achieve
the necessary goal and guide the overall process
needed to assess for an effective outcome.

Assessing the quality of corn is a critical aspect of
agricultural and industrial practices. Corn quality
measurement techniques are mostly based on the
intended use of the grain. Various key metrics are
measured to gauge the suitability of corn for diverse
purposes, encompassing factors such as kernel size
and uniformity, weight, maturity, color and
appearance, moisture, starch content, etc. Various
criteria are evaluated to determine the overall
quality of corn production, and these characteristics
are included in commonly measured corn quality
metrics. These measures are essential for assessing
corn's fitness for a variety of uses, such as wet
milling, dry milling, industrial, animal feed, seed
production, and food production, each of these
applications has its own set of measuring methods
that aid in selecting the most suitable corn for the
intended use [7]. Numerous uses and varying end-
user demand of corn make it challenging to
establish defined quality criteria. The standards that
are deemed necessary for human consumption
could not coincide with those that are required for
use in animal feed or industrial operations. The
difficulty is in customizing the evaluation criteria to
meet the unique needs of diverse applications while
recognizing the unique attributes and features that
are important to consumers, farmers, and the
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companies that process grain for a range of
applications. Universal quality criteria for corn
must be defined with flexibility and adaptability
due to the inherent variety in end-user expectations.
In general, corn kernel assessment evaluates
constituent features (e.g., moisture, protein content,
fiber, etc.) as well as visual features (e.g., impurity,
shape, etc.). While visual -characteristics are
manually retrieved by skilled operators, constituent
measurements are gathered with the use of
equipment and machinery specifically designed for
this purpose. This labor-intensive manual procedure
cannot guarantee uniformity due to the variation in
the operator's capacity for assessment [8]. These
corn kernels can be classified into some of the
following categories: good kernel, defective kernel,
and impurity.

Traditional farming refers to agricultural techniques
that have been used for centuries and are
distinguished by physical labor, basic tools, and
traditional knowledge. Natural and traditional
operation of crop types are often used by a method
in small scale subsistence farming which utilize low
equipment [9]. It is evident that traditional farming
is time-consuming, repetitive, labor-intensive and
not accurate and efficient when it comes to
measuring corn quality as it provides several issues,
particularly for large volumes of corn. Also,
disagreements in the subjectivity and consistency of
the evaluators in the corn value chain may arise as
it is prone to errors [10]. Its goal is to achieve
consistent and reliable results from the evaluators
however it is crucial to overcome these problems as
each evaluators has different perspective and
opinions. To address this challenges, a potential
solution is to utilize computer vision and machine
learning for automatic corn classification [11], it
must be continuously improved through research
and development of evaluating corn quality. Some
researches shows a more accurate, efficient and
non-destructive ways in agriculture that can be use
in corn classification such as sensor technology,
ML algorithms, and data management systems [12],
[13]. However, difficulties in this method may
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continue based on the regional uniformity, data
interpretation, and integration of technology in
evaluating corn classification. Overcoming these
obstacles is crucial.

B. General Application of Machine Learning in
Agriculture

A range of machine learning applications have been
identified in the field of agriculture. [14]
categorizes these applications into plant monitoring,
soil analysis, detection/prediction processes, and
animal monitoring. [15] further expands on these,
discussing crop and livestock management, water
management, and soil management. Both studies
highlight the potential for machine learning to
enhance decision support and action in
farming. [16] emphasizes the role of machine
learning in disease diagnosis and prediction,
while [17] focuses on yield and price prediction, as
well as leaf disease detection.

Machine learning is increasingly being applied in
agriculture to improve efficiency and
productivity. [18] provides a comprehensive review
of the techniques and applications of machine
learning in agriculture, including artificial neural
networks, support vector machines, and decision
trees. These studies show the potential of machine
learning in agricultural aspects.

Agriculture is crucial for a nation's prosperity, but
challenges arise with growing populations, climate
change, and resource scarcity. Precision agriculture,
or smart farming, offers a new strategy to address
these issues, with machine learning (ML) playing a
key role. ML, combined with Internet of Things
(IoT) connected agricultural —machinery, is
revolutionizing traditional farming practices and
significantly improving outcomes. It facilitates real-
time agricultural surveillance, predicts soil
properties like moisture content and organic carbon
levels, and analyzes real-time sensor data and
historical patterns to predict crop yield. ML can
also detect weeds and diseases in crops early,
helping farmers take preventative action and reduce
crop damage. By lowering the risks and costs
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associated with farming operations and improving
decision-making efficiency and precision, ML is
expected to significantly transform agricultural
practices [19], [20], [21]

C. Relevance of Machine Learning in Corn Quality
Prediction

Machine learning has been effectively used in
predicting and improving corn quality and yield. It
has shown high accuracy in classifying corn seed
varieties using the MLP classifier and in predicting
corn yield based on seeding date. The integration of
topographic indices and remote sensing data with
machine learning models has further enhanced the
accuracy of corn yield prediction, demonstrating an
understanding of yield’s spatial variability. These
studies collectively underscore the pivotal role of
machine learning in enhancing the precision of corn
quality prediction [22] and [23],[24], [25], [26],
[27] and [28].

Machine learning (ML) has become significant in
predicting corn quality, with applications that
enhance the precision and productivity of
agricultural practices. These applications include
determining feature importance, using ensemble
models, predicting yield, controlling quality, and
monitoring in real-time. ML models have been
highly successful in accurately predicting corn
yields [29]-[30], By analyzing large amounts of
data from various sources, detailed maps of crop
growth, nutrient levels, and moisture content can be
produced [31]. Machine learning models excel in
quality control of corn production by predicting
crucial  product  characteristics,  surpassing
traditional methods [32]. Studies have shown that
ensemble models, which are combinations of
several machine learning models, provide more
accurate predictions than single models. These
models enhance the representation of the
underlying data distribution and reduce prediction
bias and variance [29]. The integration of Machine
Learning (ML) models with Internet of Things (IoT)
technologies enables real-time monitoring of crop
conditions, facilitating timely interventions and
enhancing crop quality [30]. Quality control after
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harvest can be conducted using Machine Learning
(ML) models. These models can forecast the quality
of corn based on various factors, including moisture
content, nutrient content, and the presence of pests
or diseases [33].

D. Advantages and Limitations of Machine Learning
Models in Agriculture

Machine learning (ML) models are increasingly
used in agriculture due to their ability to enhance
productivity, reduce costs, and improve decision-
making. They are effective in precision farming,
illness detection, and crop yield prediction.
However, their effectiveness depends on the
availability of large volumes of high-quality data,
which can be challenging to collect in remote areas.
Additionally, issues like class imbalance, data
sparsity, and high dimensionality can complicate
their application [34], [35], [36]. Despite these
challenges, ML models have led to innovative
methods that increase yield and provide 24/7
security for remote facilities [37]. However, the
return on investment might not be immediate, the
implementation might be costly, and not all
agricultural settings have access to the necessary
robust technological infrastructure [38].
Furthermore, ML models might not always adjust
well to frequent environmental changes in the
agricultural sector [39].

This review is based on the current understanding
and application of ML in agriculture. As technology
advances, some of these limitations may be
addressed, and new advantages may emerge [31].

E. Historical Perspective on Corn Quality Evaluation

Corn being the most widely used maize, also known
by various common names, including maize corn,
Indian corn, sweet corn, and field corn. It goes by
several names depending on how it is used, such
corn on the cob, popcorn, and cornmeal. The varied
nomenclature for this adaptable crop is influenced
by regional and cultural differences. Corn is now
the most important cereal crop in terms of
worldwide output, having surpassed rice and wheat
around a decade ago. The development of high-
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yielding conventional and genetically modified
genotypes, as well as its greater tolerance to varied
habitats, can be linked to corn's rise to dominance.
Notably, maize has the highest grain output per
hectare of any crop. Its significance extends far
beyond just a human consumption staple; rather, it
is of critical economic relevance on a worldwide
basis. Corn is important not just as a human food
source, but also as a component in animal feed
formulations and as a raw material for a wide range
of industrial goods and biofuels. Although corn is a
staple crop in subsistence agriculture, developed
countries that are seeing a simultaneous increase in
demand for wheat flour and animal goods mostly
use corn for animal feed [40], [41], [42].

Analyzing historical viewpoints on the evaluation
of corn quality shows that evaluation techniques
have changed significantly over time in response to
advancements in science, technology, and
agriculture. Early efforts have been often very basic,
concentrating on the fundamental sensory
assessment and visual examination. The need for
more rigorous and consistent assessment techniques
increased along with the global significance of corn.
Even though they were fundamental, traditional
manual approaches were prone to subjectivity and
inconsistent assessments from assessors, which led
to the investigation of technology interventions for
increased precision and workflow [43]. The route of
corn quality evaluation has been formed over time
by obstacles, including the limited scope, time
limits, and destructiveness of some approaches.
Modern technologies, such as machine learning,
have been included in quality evaluations in the last
several decades, and this has greatly improved their
accuracy and scope. This literature review aims to
trace the historical trajectory of corn quality
evaluation, shedding light on the evolution of
methodologies and the persistent challenges that
have informed current practices in the field.

F. Aims

This literature review aims to develop a
comprehensive summary on the uses of machine
learning techniques in the evaluation of corn quality.

ISSN : 2581-7175

©IJSRED: All Rights are Reserved

Page 252



International Journal of Scientific Research and Engineering Development-— Volume 7 Issue 1, Jan-Feb 2024

This study covers the following topics, including
possible gaps and issues occur in machine learning
models and algorithm for classification and
regression, viable solutions, assessment of corn
quality characteristics, different sources of data and
techniques used, and evaluation metrics. Also, it
compares various machine learning models
approaches in assessing the quality of corn. It is
beneficial to students and farmers in the field of
agriculture as it gives insights and provide latest
knowledge in corn quality prediction.

Objective Screening
Definition and Selection
A F— F—
" A = A R A
=~ ~= ~
Literature
Search
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II. METHODOLOGY

In the recent studies of machine learning about
the classification and regression of various corn
quality an extensive review was utilized in this
literature paper. It takes notes the approaches,
datasets, and model performance that utilized in
different studies that might help for future study in
this area with the possible findings and implications

of this literature review.

Analysis and

Synthesis
A— F— A—
e & R A e &
= = =
Data Writing the
Extraction Review

Fig. 1General System Diagram

This paper extensively collects and evaluate the
previous studies that focuses on machine learning
models in classification and regression of corn crop.
We used online platforms and comprehensive
database that is reliable to search various keywords
to find related studies such as “machine learning,”
“corn quality,” “classification,” and “regression”,
however, studies that does not center on
classification and regression of corn qualities using
machine learning was regarded in this study since it
does not associate with the focus of this study.
Finding its common trends and gaps and pertinent
data, it gives a comprehensive overview of machine
learning when it comes to corn quality classification
and regression. The collected data was organized in
five sections to create this review, including
introduction, discussion, machine learning models

for corn quality classification and regression, results,
and conclusion.

III. REVIEW OF SUPERVISED MACHINE
LEARNING MODELS FOR CORN QUALITY
CLASSIFICATION

A. Support Vector Machines

Support Vector Machine (SVM), a
supervised machine learning algorithm that can be
utilize in classification and regression of corn crop.
When dividing a dataset into two separate groups
for binary classification tasks, it is especially
helpful. Finding a hyperplane that clearly divides
the data points in an N-dimensional space, where N
is the number of features, is the SVM's goal. This
hyperplane serves as a decision boundary,
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classifying data points based on their relative
position to it. The dimensionality of the hyperplane
is determined by the number of features. For
example, a line represents the hyperplane for two
features, while a two-dimensional plane represents
the hyperplane for three features. However, when
the number of features surpasses three, visualizing
the hyperplane becomes more complex [44], [45],
[46].

3
X, o X | . (@]

X

Fig. 2 Nllustration of Support Vector Machine [46]

1) Ang Wu and colleagues developed a new
method for classifying corn kernel quality using
image analysis and a support vector machine in
their study. Initially, both the support vector
machine and back-propagation neural networks
achieved a classification accuracy rate of 92.31%
without parameter optimization. However, the
accuracy improved with the use of optimization
algorithms in the support vector machine. Both
the support vector machine-genetic algorithm
and support vector machine-particle swarm
optimization achieved an average correct
classification rate of 97.44%, while the support
vector machine-grid search had a rate of 94.87%.
The research found that the back-propagation
neural network algorithm is outperformed by the
support  vector machine algorithm  with
parameter optimization, and that the grid search
method is less effective for parameter
optimization than the genetic algorithm and
particle swarm optimization techniques [47].

2) The study [48] discusses the importance of
nutrients like nitrogen, phosphorus, and
potassium for corn plants. Various methods such
as the Leaf Color Chart (LCC), Chlorophyll
Meters Soil Plant Analysis Development
(SPAD), and Soil Test Kit are used to examine

3) [49]proposes a
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these nutrients in corn leaves. The LCC method
is preferred by farmers due to its lower cost.
However, digital image processing, specifically
the RGB extraction method of Hue, Saturation,
Value (HSV), is proposed as a more efficient and
cost-effective solution. The study uses the
Support Vector Machine (SVM) for classifying
the image results and achieves an accuracy of 80%
in detecting nutrient content in corn leaves.
classification method for
assessing corn seed vitality using multisensor
hyperspectral imaging. Hyperspectral images of
waxy corn seeds were collected, and various
preprocessing techniques were used to suppress
noise in the raw spectra. Feature wavelengths
were selected wusing principal component
analysis, 2nd derivatization, and the successive
projection algorithm. An SVM model was
established and showed optimal performance
when preprocessed by multiplicative scatter
correction, achieving a training accuracy of 100%
and a testing accuracy of 97.9167%. This
method provides a new approach for
nondestructive crop detection using machine
learning.

4) The study [50] uses machine vision and machine

learning to develop a method for rapid detection
and classification of maize seeds based on
variety purity. A computer vision system was
designed to recognize five varieties of maize
seeds, and an image processing algorithm was
used to extract 16 important features from the
seed 1images. Various machine learning
algorithms were wused to develop the
classification model, with the SVM model
achieving the highest accuracy. The results meet
the needs of producers and consumers.

B. Random Forest

The Random Forest is a supervised learning
algorithm that uses multiple decision trees for
improved prediction accuracy. Each tree operates
on different subsets of a dataset. The final output is
chosen based on the majority of predictions from all
trees. Each tree’s leaf nodes  provide
approximations of the probability distribution over
the image classes, and each internal node contains a
test for optimal data space partitioning. An image is
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classified by passing it through each tree and
combining the resulting distributions [51], [52].

1))

2)

3)

X dataset

N, features N, features N, features

e e, o« .
S o & o opbo/(oo/\oo% oc&’%
TREE #1 TREE #2 TREE #3 TREE #4

i ! |
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N, features

Fig. 3 Nllustration of Random Forest [52]

Plant diseases significantly impact agricultural
productivity. This paper [53] presents a method
for early detection of crop diseases using Al
techniques like Naive Bayes, Decision Tree, K-
Nearest Neighbor, Support Vector Machine, and
Random Forest. The methods were compared
based on accuracy, and the Random Forest
model was found to be the most accurate with an
accuracy of 80.68%.

The study [54] proposes a method for improving
crop yield prediction using the Geographically
Weighted Random Forest Regression (GWRFR)
approach. The GWRFR and five other machine
learning algorithms were trained with different
sets of features. The study found that the
Geographically Weighted Random Forest
Regression (GWRFR) with full-length features
performed better than other algorithms.This
method could potentially enhance yield
predictions for various crops in different regions.
In their research, Junfeng Gao and peers uses a
hyperspectral snapshot mosaic camera for weed
and maize classification. A set of 185 spectral
features was constructed and reduced using
principal component analysis. A random forest
classifier was developed using three different
combinations of features. The optimal random

4)

5)

6)
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forest model, with 30 important spectral features,
achieved a mean correct classification rate of 1.0
for Zea mays, and lower rates for three types of
weeds. This model outperformed the k-nearest
neighbors model [55].

The study [56] uses Unmanned Aerial Vehicle
(UAV) multispectral imagery to predict the
canopy nitrogen weight of corn fields in south-
west Ontario, Canada. Several machine learning
models were tested, with the Random Forests
model performing the best, achieving an R2 of
0.85 and an RMSE of 4.52 g/m?2. The model was
then used to produce maps showing the spatial
variation of canopy nitrogen weight within each
field at different dates.

Aeri Rachmad and colleagues' study develops a
classification model using Random Forest for
early-stage detection of corn diseases. The model
uses fine and coarse features to capture various
types of information for the classification
process. The Local Binary Pattern method and
Color Histogram are used in feature extraction.
The model was tested on a dataset of 3,000 corn
plant images and achieved an accuracy rate of
99.05% in identifying diseases [57].

The study [58] develops a new leaf image
processing algorithm that uses Random Forest
and leaf region rescaling to analyze nutrient and
stress distributions across a corn leaf. This
approach improves the quality of phenotyping
measurements compared to traditional methods
that average the spectrum across the whole
canopy. The algorithm was tested on corn plants
with different genotypes and nitrogen treatments,
and it more clearly differentiated leaves from
different treatments and genotypes. The
algorithm could potentially improve the quality
of other plant feature measurements.

C. Neural Network
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Neural networks are machine

techniques that use interconnected nodes or neurons

Hidden

Input

A4

-

arranged in layers to simulate the structure of the
human brain. This kind of deep learning procedure
is based on the way neurons are arranged in the
brain. The three primary layers of a neural network
are the input layer, which receives data, the hidden
layers, which carry out intricate calculations, and
the output layer, which generates the outcome[59],
[60], [61].

1Y)

2)

Fig. 4 Tlustration of Neural Network [60]

The study by Zhang, Dai, and Cheng used
hyperspectral ~ imaging and a  Deep
Convolutional Neural Network (DCNN) to
classify four corn seed varieties. The DCNN
model outperformed other models, achieving
100% training accuracy, 94.4% testing accuracy,
and 93.3% wvalidation accuracy. The study
suggests that DCNN can be effectively used for
spectral data analysis and corn seed variety
classification [62].

Abdul Waheed, Muskan Goyal, Ashish Khanna,
Deepak Gupta, Aboul Ella Hassanien, and Hari
Mohan Pandey proposes an optimized
DenseNet model for recognizing and classifying
corn leaf diseases. The DenseNet model, which
utilizes  fewer  parameters than  other
Convolutional Neural Network (CNN) models,
attained an accuracy of 98.06%. Despite using
fewer parameters and less computation time, its
performance is on par with established CNN
architectures. This deep learning approach
could potentially enable early disease detection,
thereby enhancing crop health and increasing
yield [63].

4)

5)
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learning 3) Linbai Wang, Jingyan Liu, Jun Zhang, Jing

Wang, and Xiaofei develop a method for
detecting defects in corn seeds using a
watershed algorithm and a two-pathway
convolutional neural network (CNN) model.
RGB and near-infrared images of the seeds
were used to train the model, which achieved an
average accuracy of 95.63%, a recall rate of
95.29%, and an F1 score of 95.46%. The
method outperforms the traditional one-pathway
CNN with 3-channel RGB images and could be
an effective tool for high-throughput quality
control of corn seeds [64].

The study [65] uses a convolutional neural
network to classify corn kernels with high
accuracy. The Convex Hull method is added to
increase focus on the convolution process by
removing background images. The model uses a
34-layer architecture and dropout layers to save
computation  time. Data  augmentation
techniques are used to prevent overfitting. The
model achieved an average accuracy of 99.33%,
precision of 99.33%, recall of 99.33%, and F-1
score of 99.36%. The training time was 2
minutes 30 seconds. The use of the proposal
area improved accuracy by about 0.3%.

The research paper [66] indicates a method
precision farming technologies, specifically
convolutional neural networks (CNN) and
boosting techniques, to detect diseases and pests
in corn crops. The aim is to classify disease
manifestations with higher accuracy than
existing methods. An ensemble of Adaptive
Boosting cascaded with a decision tree-based
classifier trained on features from CNN was
used. This achieved an accuracy of 98% in
classifying corn leaf images into four categories:
Healthy, Common Rust, Late Blight, and Leaf
Spot, representing an 8% improvement
compared to using CNN alone.

In their study report, C. Naseeb Singh, M.
Pareek, V. K. Tewari, L. K. Dhruw, and H.
Dayananda Singh proposes an artificial neural
network-assisted image-processing method for
real-time classification of broken and whole
maize kernels. Images of seed samples were
captured, and image-processing operations were
performed to extract morphological features.
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The ant colony optimization algorithm was used
to select superior features. A multilayer
perceptron neural network classifier was then
used to identify the kernels, achieving a
classification accuracy of 91.85% with an
average processing time of 0.14 seconds per
kernel.

7) The research paper [67] develops two artificial
neural network (ANN) models to predict the
quality parameters of corn used for ethanol
production. The models consider various factors
such as the type of corn hybrid, vegetation
periods,  agrotechnology levels, drying
temperatures, and heating and pressure pre-
treatments. The first model (ANN1) predicts the
hectolitre ~ weight, 1000-kernels  weight,
gelatinisation rate, and contents of glucose,
reducing sugars, and ethanol. The second model
(ANN?2) predicts the corn weight and moisture.
The models fit the experimental data well, with
an overall r2 of 0.989 for corn kernel weight
and moisture, and 0.856 for other outputs. The
models can be wused for multi-objective
optimization in the corn kernel drying process.

IV. REVIEW OF UNSUPERVISED MACHINE
LEARNING MODELS FOR CORN QUALITY
CLASSIFICATION

A. K-Means Clustering

K-means clustering is a non-hierarchical
method used in cluster analysis to group similar
objects into clusters. Each cluster is unique but
contains items that are like each other. Using the
K-means algorithm, each image is grouped into a
cluster whose mean is closest to it, resulting in a
collection of clusters with related images. [68],

X2 Initial

A ) T}!vleans

Final
Means

» X1
[69].
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Fig. 5 Mlustration of K-Means Clustering[70]

1) This study uses an algorithm and model to
analyze the diseases of a corn leaf, it utilizes
deep learning network and k-means clustering
model. It uses 32 mean samples having an
accurate result of the three common diseases
found in the leaf with the method stated above.
These studies techniques indicating that the
approach it performed may be used in precision
farming to safeguard crops as it detected an
average accuracy of 93% for the diseases found
in corn crop [69].

2) The paper composed by Muhamad Amirul
Mohd Yusof and Ain Nazari designs an
automated system to identify types of maize
plant diseases using image processing. The
method involves five stages: pre-processing,
image segmentation, feature extraction, and
classification. Histogram equalization and
median filtering algorithms are used in pre-
processing. Segmentation is performed using
thresholding, masking, and k-means algorithms.
In the feature extraction process, 13 features are
extracted from the image for classification in a
Support Vector Machine classifier. The system
can identify maize plant diseases with an
average accuracy of 97.53% for healthy leaves
and 97.27% for diseased leaves [71].

B. Hierarchical Clustering

Hierarchical Clustering is an unsupervised
machine learning method used to group related
data points into clusters. It uses a dendrogram, a
tree-like structure, to represent the dataset’s
clusters hierarchically. Each group can be further
dividedinto distinct clusters or combined with
other related groups based on their similarity. [72],

[73], [74].

Fig. 6 Illustration of Hierarchical Clustering Diagram[75]
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1) The research [76] evaluated the responses of
11 hybrid baby corn genotypes to five levels
of NaCl-induced salinity. The technique
classifies genotypes and gauges how they
react to various salinity conditions using
multivariate parameters and hierarchical
cluster analysis. It found that increasing
salinity above 6 dS m—1 negatively affected
all genotypes. The genotype Chang Daeng 18
had the poorest germination response, while
PAC 571 was the most tolerant to salt stress.
Physiological and biochemical parameters,
such as free proline, membrane electrolyte
leakage, and membrane stability index, as
well as Na+ accumulation, were
representative of salt stress. Salinity reduced
leaf greenness but didn’t affect net
photosynthetic rate, stomatal conductance,
and transpiration rate. Genotypes with higher
salinity tolerance showed Na+ exclusion and
a higher K+/Na+ ratio in leaves. The study
suggests considering the relative
susceptibility of genotypes to salinity in plant
breeding programs, and that the selected salt-
tolerant genotypes have potential for
cultivation in salt-affected soils.

2) The research [77] investigated anthocyanins,
natural pigments, in various parts of the
maize plant, not just the grain. The purple
corn variety Apache Red Cob was crossed
with genetic stock 320 N, resulting in intense
anthocyanin production in parts of the plant
that are not usually pigmented. Hierarchical
clustering is used in the study to classify
profiles with similar compositions and assess
the diversity of anthocyanin production in
maize tissues Anthocyanin extracts from
different parts of the plant were assessed, and
a new pigment in anthers was identified as
anthocyanidin ~ 3-6"-phenylacetylglucoside.
The study found that maize produces
abundant anthocyanins in non-grain parts and
that these extracts have diverse applications
due to their varied pigment profiles and hues.

C. Principal Component Analysis (PCA)
Principal Component Analysis (PCA) is a
statistical method that simplifies high-dimensional
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data by creating a set of linearly uncorrelated
variables, known as principal components, from
potentially correlated variables. It's used in
various fields, including data mining, finance,
psychology, computer vision, facial identification,
and image compression. PCA combines redundant
features to extract meaningful information from
datasets. In the context of sweet corn genotypes,
PCA helps understand variability by reducing data
dimensions, allowing researchers to identify
variables with the most variance and find the best-
performing sweet corn lines. The principal
components, ranging from 1 to 6, quantify the
degree of variation.[78], [79].

Fig. 7 llustration of Hierarchical Clustering Diagram[80]

1) The research [81] evaluated the physical
properties of maize seeds from a cold region in

North China, using various agricultural
material test benches. Parameters such as
thousand-grain weight, moisture content,

particle size, friction coefficients, angle of
natural repose, coefficient of restitution, and
stiffness coefficient were measured. Principal
component and cluster analyses simplified the
characteristic parameter index for judging the
comprehensive score of maize seeds.
Significant differences and correlations were
found among the physical characteristics of
the maize varieties. The first three principal
component factors, representing over 80% of
the information of the original eight
parameters, were extracted. The physical
characteristics of 15 kinds of maize seeds were
evaluated and classified into four groups. The
study provides a new approach for evaluating
and analyzing the physical properties of
agricultural materials and for screening and
classifying food processing raw materials.
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2) The study carried out by P. Divakara Sastry,
E.V., Magudeeswari, and Th. Renuka Devi
valuated plant nutrient traits in 12 baby corn
genotypes using Principal ~Component
Analysis (PCA) and cluster analysis. Variance
analysis showed significant differences among
genotypes for all traits except sugar content.
PCA revealed the first three principal
components accounted for 87.49% of
variability, influenced by sugar and iron
contents, and yield without husk. The
genotypes were grouped into three clusters:
Cluster-I (five genotypes) with higher iron
content and yield without husk, Cluster-II
(four genotypes) with higher potassium,
phosphorous, and calcium contents, and
Cluster-I1II (three genotypes) with higher sugar
and phosphorous contents [82].

3) The research [83] examined corn gray leaf
spot, corn rust, corn big spot, and healthy corn
leaves. Image background segmentation was
performed using the Otsu method, OpenCV
morphological operation, and morphological
transformation method to create an outline of
the object and a mask. The difference set
between the corn leaf and the background was
used to get a complete corn leaf image.
Principal Component Analysis (PCA) and
Support Vector Machine (SVM) were applied
to the processed image. With a penalty
parameter C of 100 and a linear kernel in
SVM, the classification accuracy for the four
diseases was 90.05%, 92.64%, 91.23%, and
95.78% respectively.

4y The research [84] evaluated the adaptability
and kernel quality of 10 maize hybrids. It
examined grain yields, yield components, and
grain quality characteristics. Kernel quality
traits were mostly determined by the genotype,
with significant differences among genotypes
for all investigated traits. The BC hybrid stood
out for traits like thousand kernel weight, ear
width, number of kernels per ear, first ear
height, and ear length. The BA hybrid had the
highest values for plant height, day of silking,
and day of tasseling. Positive correlations
were found between traits like ear width,
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number of kernels per ear, and thousand kernel

weight.
5) The study [85] conducted Principal
Component Analysis on 26 sweet corn

genotypes at the Tamil Nadu Agricultural
University, Coimbatore in 2014. It observed
eight quantitative and five qualitative traits to
estimate variation and identify the best
performing lines. Green cob yield was
positively correlated with green cob length,
girth, and number of kernel rows per cob, but
negatively correlated with total sugar, sucrose,
and starch. Principal component analysis
showed variation by principal components 1 to
6. Clustering analysis grouped the 26
genotypes into eight clusters based on
morphological traits rather than geographic
origin. These diverse genotypes will be used
for future breeding programs.

V. REVIEW OF MACHINE LEARNING
MODELS FOR CORN QUALITY
REGRESSION

A. Linear Regression

Regression is a supervised learning technique
used for modeling continuous variables and
making predictions. It can establish causal
relationships between independent and dependent
variables. Simple regression involves a one-to-one
relationship between a single independent variable
and the dependent variable. In contrast, multiple
linear regression demonstrates a many-to-one
relationship  between  several independent
variables and one dependent variable, showing the
influence of multiple factors on the outcome [86],
[87].

Simple Linear Regression

Fig. 8 Structure of Linear Regression[88]
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D

2)

[89] uses hyperspectral image technology and
germination tests to predict the germination of
sweet corn seeds. It analyzes 89 seeds and
measures root and seedling length to assess seed
vigor. Various regression methods are used to
link  hyperspectral seed features  with
germination results. The study finds that the
method with the highest correlation coefficient
gives the best prediction results for seedling and
root length. The study concludes that
hyperspectral technology can effectively predict
seedling root length, suggesting a promising
technique for predicting sweet corn seed
germination.

The study [90] adapted an algorithm was
adapted to predict starch, oil, and protein
content of two maize -cultivars using the
APSIM-Maize model and a Three-Parameter
Logistic model (3PLM). The APSIM-Maize
model simulated the crop's phenology, growth,
and grain protein, while the 3PLM computed
the grain's starch and oil contents. The models
were adjusted to fit experimental data and

accurately predicted final starch and oil contents.

The results suggest that combining APSIM with
a 3PLM could be useful for predicting the
protein, starch, and oil contents of maize grains.

B. Decision Tree

learning

A decision tree is a supervised machine
technique for classification and

regression problems. It uses a tree structure where
decisions are made at the leaves, and data is split
at the nodes based on a parameter. Each path from
root to leaf represents data separation steps
leading to a result. This method provides a

hierarchical

representation  of  knowledge

relationships [87], [91], [92], [93], [94], [95].

O e }
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Fig. 9 Structure of Decision Tree[96]

The study used a decision tree model to
classify diseases and pests in corn plants.
However, due to ambiguity in discretizing
predictor variables, the model's performance
was unsatisfactory. To improve this, fuzzy

membership functions were incorporated,
significantly improving the model's
performance. The proposed fuzzy model
outperformed the decision tree model,

effectively capturing data trends. [97].
IndojayaAgrinusa, a corn-based animal feed
processing company, strives to maintain the
quality of its products. Previous research used
the Naive Bayes method in data mining
techniques to determine corn quality standards,
achieving a prediction accuracy rate of 82.3%.
This study [98] used the Decision Tree (C 4.5)
method, which increased the prediction
accuracy to 86.2%.

The study [99] proposed a hybrid model for
automated classification of three corn species
in the Zea mays family, which is crucial for
intelligent agriculture. The model used 12
different morphological features of corn and
machine  learning  algorithms.  Normal
classification achieved a test score of 96.66%
for Decision Tree, 97.32% for Random Forest,
and 96.66% for Naive Bayes. However, the
hybrid model achieved a 100% test score in all
three algorithms, demonstrating its
effectiveness in corn classification.

[100] proposes using the Random Forest,
Neural Network, and Naive Bayes methods to
classify diseases in corn plants, a staple food
in Indonesia. Diseases can reduce corn
production, and manual identification is
inefficient. The dataset used is a collection of
corn leaf images from the Madura Region,
with four target classes: healthy, gray leaf spot,
blight, and common rust. The Neural Network
method provided better accuracy in classifying
the corn leaf datasets, with an AUC value of
90.09%, classification accuracy of 74.44%, f1
score of 72.01%, precision of 74.14%, and
recall of 74.43%.




International Journal of Scientific Research and Engineering Development-— Volume 7 Issue 1, Jan-Feb 2024

C. Ensemble Methods for Regression

Ensemble learning is a supervised machine
learning approach that uses several base-learners
(algorithms) to generate decisions. These base-
learners construct models, like classifiers or
regressors, that generalize labeled examples.
Predictions for fresh unlabeled examples can then
be made using the generated model. In domains
like healthcare, where even small gains in
accuracy can have a big impact, ensemble
approaches are especially useful because they
usually yield more accurate results than a single
model. There is no denying these techniques'
efficacy, and when used appropriately, they can
have enormous advantages. In fields such as
healthcare, even the slightest improvement in the
accuracy of machine learning algorithms can be

Test. input

Voting

s

[102].
Fig. 10 Structure of Ensemble Method Model[103]

extremely valuable [101],

1) The study [104]Juses a gradient boosting
machine (GBM) learning model to predict
aflatoxin contamination in corn. Utilizing
historical corn contamination, meteorological,
satellite, and soil property data, the model
was created especially for Iowa. It was
evaluated for two aflatoxin risk thresholds:
20-ppb and 5-ppb, achieving overall
accuracies of 96.77% and 90.32%
respectively. Corn contamination predictions
were impacted by variables like soil-
saturated hydraulic conductivity, aflatoxin
risk indices in May, and the August satellite-
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acquired vegetative index. In order to
guarantee the safety of food and feed, the
study offers a potential technique for
predicting aflatoxins in maize.

2) [105] The study used spectral data and
machine learning methods to estimate leaf
nitrogen in corn. It compared eight ML
algorithms and found that gradient boosting
and random forest were the best, with an
80% coefficient of determination. Adding
vegetation indices to the spectral bands
improved the results. The combination of
SCCCI, NDRE, and red edge had the highest
coefficient of determination in predicting leaf
nitrogen content in corn.

3) The study [106] proposed a nondestructive
detection of copper content in corn leaves
using visible-near infrared spectroscopy. The
data was preprocessed and the XGBoost
predictive model was trained to predict
copper content. The accuracy of the
XGBoost and PLSR models was higher with
the continuous removal spectrum and
derivative of ratio spectroscopy. The model’s
robustness was tested with field-planted corn
spectral data, showing potential for
predicting heavy metal content in crops.

4) In the study [107] various machine learning
algorithms were used to predict corn hybrid
yields in the 2020 Syngenta Crop Challenge.
The XGBoost model was the most accurate,
with a root mean square error of 0.0524. This
model was wused to estimate yield
performance for untested hybrids, identifying
those with high predicted yields for potential
breeding to increase corn production.

VI. COMPARATIVE ANALYSIS OF
MACHINE LEARNING MODELS

Selecting the optimal machine learning
model is crucial in artificial intelligence and
data-driven decision making. These models
analyze data to find patterns and relationships.
Comparative analysis is key in assessing
different models' effectiveness, benefits, and
drawbacks. A thorough comparison study of
machine learning models helps navigate options
in different fields, enabling informed decisions
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for various datasets and real-world applications.
The study explores the complexities of
comparative analysis and the strengths and
weaknesses of machine learning models [108],
[109], [110], [111].

Support Vector Machines (SVM), Random
Forest, and Neural Networks are versatile machine
learning models with unique strengths and
limitations. Their performance in specific tasks is
assessed using evaluation metrics such as accuracy,
precision, recall, and F1 score [112], [113]. In a
similar vein, K-Means Clustering, Hierarchical
Clustering, and Principal Component Analysis
(PCA) are fundamental unsupervised learning
models. K-Means excels at categorizing data into
distinct clusters, Hierarchical Clustering creates a
hierarchical hierarchy of associations, and PCA
successfully decreases dimensionality  while
maintaining important information. These models
are skilled in labeling data, which is required for
later supervised learning tasks. They basically find
intrinsic patterns in unlabeled data and then give
labels to individual data points, making it easier to
use supervised learning models [114].

We will examine the performance metrics
utilized in their assessment, elucidating their
metrics, advantages, and limitations.

A. Support Vector Machine (SVM)

Support Vector Machines (SVM) are
sophisticated machine learning technique with
several advantages and disadvantages. SVMs are
among the most powerful and resilient
classification and regression algorithms used in a
wide range of applications [44]. Accuracy
assesses overall correctness, precision assesses
positive prediction accuracy, recall assesses the
model's capacity to identify important occurrences,
and the F1 Score finds a compromise between
precision and recall [112].

SVM's success in high-dimensional spaces is
one of its significant characteristics, making it
well-suited for complicated datasets. It is suitable
for a variety of classification challenges, including
the diagnosis and prognosis of brain illnesses such
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as Alzheimer's, schizophrenia, and depression due
to its high accuracies that are generalizable even
in cases with high dimensionality [45]. Moreover,
the usage of kernel functions demonstrates several
distinct advantages in the categorization of tiny
samples and has a greater recognition impact
[115]. Additionally, it exhibits remarkable
performance in both linear and non-linear data,
showcasing its versatility, and is very resistant to
overfitting, particularly in high-dimensional data
situations, rendering it valuable in an array of
applications [116].

SVM, however, is not without its problems. Its
memory requirements can be high, especially
when handling large datasets, which in some
situations could limit its scalability. Support
Vector Machines (SVMs) are susceptible to data
noise and may perform poorly with data
containing outliers or unnecessary features. They
can be difficult to interpret, especially when using
non-linear kernels, making it hard to understand
decision boundaries in complex models. Despite
these challenges, SVMs are commonly used in
machine learning, particularly for high-
dimensional and diverse datasets [44], [116].

B. Random Forest

Random Forest is an ensemble learning
technique that combines multiple decision trees
for accurate predictions. It's used in both
regression and classification tasks in machine
learning. A unique aspect of Random Forest
models is their ability to provide insights into
feature relevance, indicating how each feature
contributes to the prediction performance. This
aids in feature selection and model interpretation
[117], [118], [119].

Random Forest is a machine learning technique
that is effective for various issues. Its ensemble-
based design and numerous decision trees make it
resilient to overfitting and improve generalization.
It can capture non-linear correlations, handle
complex datasets, and manage high-dimensional
data. However, it can be time-consuming and
computationally expensive, especially with many
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trees or complex datasets. The models might not
be as interpretable if the ensemble has many trees.
The decision-making process can be elusive
compared to simpler models. Also, feature
sparsity in highly sparse data may limit its ability
to recognize meaningful patterns [117], [119],
[118]

To sum it up, the approach used in this study is
random forest which can handle large and intricate
datasets, therefore it confirms that random forest
is an efficient and adaptable machine learning
technique. Understanding feature importance
enhances its interpretability and enables a
thorough assessment of its performance using a
variety of metrics. Random Forest may be
computationally expensive during training and
incomprehensible for complex models, yet it
remains a popular choice for many applications
where accuracy and robustness are essential.

C. Neural Networks

One kind of machine learning model that draws
inspiration from the composition and functions of
the human brain is the neural network [59]. The
popularity of these models has increased,
particularly when handling complex jobs and
enormous amounts of data [120]. The correctness,
completeness, and balance of predictions are
measured using standard metrics for evaluating
neural network performance, which include
accuracy, precision, recall, and F1 score. However,
because of the distinct nature of neural networks,
new metrics such as the loss function, which
measures the difference between predicted and
actual values, are introduced. Improving model
accuracy requires minimizing this loss during
training [121].

One of neural networks' distinguishing
characteristics is their capacity to excel at
complex tasks, particularly when presented with
huge and high-dimensional datasets [120]. Neural
networks are capable of learning hierarchical and
abstract representations from input data, making
them well-suited for a wide range of applications
like as image and speech recognition [122]. The
automatic feature learning element is very useful

ISSN : 2581-7175

©IJSRED: All Rights are Reserved

Available at www.ijsred.com

since it eliminates the need for human feature
engineering by allowing the model to recognize
important patterns on its own. They have shown
effective in solving a range of real-world issues,
including complicated system modelling and
handwriting recognition [59].

However, neural networks have significant
shortcomings. They require large volumes of
labelled data for good training, which might be
difficult in situations where getting labelled data is
time-consuming or impracticable. Furthermore,
training time is an important factor, and advances
in hardware, parallel computing, and optimization
approaches try to alleviate these difficulties [120].
Furthermore, neural networks are prone to
overfitting, particularly when the supplied data is
inadequate, or the model design is very
sophisticated.

Finally, neural networks are a strong paradigm
in machine learning that may achieve outstanding
performance on complex problems. Their capacity
to automatically learn characteristics from data
adds to their versatility, allowing them to be used
in a variety of applications. Their efficacy,
however, is dependent on vast volumes of labelled
data, and the computing needs, especially for deep
systems, require careful consideration.

D. K-Means Clustering

K-Means clustering is a popular machine
learning approach that is classified as
unsupervised learning. Its major goal is to divide a
dataset into discrete groups, or clusters, based on
data point similarity [68], [114]. Iterative methods
are used by the algorithm to minimize the sum of
squared distances between each data point and the
centroid of its allocated cluster. This optimization
criteria, called inertia, measures how well-formed
the clusters are.

Several metrics are routinely used to evaluate
the performance of K-Means clustering. A basic
metric that the method aims to decrease is inertia,
which measures the tightness of clusters. Lower
inertia suggests more well-defined clusters. The
silhouette score, which ranges from -1 to 1,
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provides information on cluster separation, with
higher values indicating well-separated clusters
[123], [124]. Furthermore, the Calinski-Harabasz
Index assesses both cohesiveness and separation,
assisting in the evaluation of cluster quality [125].

K-Means has major advantages that contribute
to its  popularity,including  straightforward
mathematical concepts, quick convergence, and
ease of use [126]. Its scalability is especially
useful when dealing with large volumes of data.
Furthermore, K-Means is useful when clusters are
well-separated and generally spherical in shape, as
it performs better in such cases.

There are limitations to the algorithm,
though. With the rise in data quantities, the
traditional K-means method has encountered
greater difficulty in analyzing huge data sets while
meeting practical demands [126]. It is delicate
when choosing the first cluster center placement,
which, depending on the starting point, may have
different results [127].

E. Hierarchical Clustering

Hierarchical Clustering known in its
hierarchical representation of the clusters in a
dataset [114]. It does not require a labelled dataset
however is presents a dendrogram, a tree-
structured graph that is used in heat maps to
visualize the results of a hierarchical clustering
calculation, is primarily used to determine the best
way to assign objects to clusters [128].

The flexibility of Hierarchical Clustering to
conform to the underlying structure of the data
without the need for predefined cluster numbers is
one of its key features. This flexibility is
particularly helpful when working with datasets of
varying complexity or when the number of
clusters is unknown in advance [128].

Hierarchical clustering is a flexible method
with no prerequisites, suitable for handling real-
world data, the goal is to build a hierarchy of
clusters. The efficacy of the suggested validity
indexes in determining the true number of clusters
and handling different types of data sets, including
unbalanced data sets, is demonstrated by the
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experimental comparisons with the state-of-the-art
validity indexes on fake and real-world data sets
[129], [130].

F. Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a
machine  learning  technique  used  for
dimensionality reduction. It transforms high-
dimensional data into a lower-dimensional space,
preserving significant information and the
variance of the original dataset. This makes PCA
useful for enhancing computational performance
and overcoming the curse of dimensionality. PCA
is used in various fields like neurology [131],
quantitative finance [132], [133], and facial
recognition [134], and is particularly effective in
medical data correlation. It helps visualize
complex, multidimensional data and understand
underlying structures and trends. As an
unsupervised feature extraction method, PCA can
be applied even without labelled data [135], [136],
[137], [138]

Principal Component Analysis (PCA) is a
machine learning technique known for feature
extraction and dimensionality reduction. However,
it has limitations. PCA assumes linear correlations
between variables, which can limit its
performance with non-linear or non-Gaussian
patterns. The primary components can be hard to
interpret, and PCA might overlook significant
traits with lower variance. The assumption of
orthogonality across primary components might
not always hold in real-world datasets, causing
information overlap and inaccurate interpretation.
Despite these limitations, PCA is valued for its
ability to visualize high-dimensional data and
preserve vital information. Users should be
cautious of PCA's linear correlation assumptions
and potential ambiguities when interpreting the
transformed features [135], [83].

Overall, the paper discusses how machine
learning, a key component of digitalization
solutions, has gained significant attention in the
digital arena. To assist readers in choosing the
best learning algorithm to fulfill certain needs, this
paper discusses the benefits and drawbacks of
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different algorithms from the standpoint of
applications. With this, it provides profound
understanding of the differences of machine
learning models and its algorithms.

VII. RESULTS AND DISCUSSION

This comprehensive literature review highlights
the various roles and functions of different machine
learning models in assessing corn quality. When
combined with IoT technologies, these models
enhance several facets of corn farming, including
quality assurance, real-time monitoring, and yield
prediction. However, their effectiveness 1is
contingent on specific tasks, data characteristics,
and problem requirements. The machine learning
models were divided into two categories:
Supervised and Unsupervised, which included
models like SVM, Random Forest, Linear
Regression, CNN, ANN, K-Means Clustering, PCA,
and Decision Tree. Each model was thoroughly
discussed and analyzed, with a focus on comparing
the performance of the methods found in the
literature. The models' performance was assessed
based on their usage, data characteristics, and
problem requirements.

The results strongly indicate that the
effectiveness of these machine learning models
largely depends on specific tasks, data

characteristics, and problem requirements. The
conclusions are based on the existing literature,
which primarily focuses on different machine
learning models. These findings are important
because corn is a globally significant crop, serving
as a food source for both humans and animals and
used in the production of biofuels, plastics, and
other products. For future research, it is suggested
to conduct a review comparing different models on
a specific task.

VIII. CONCLUSION

This overview of the literature provides in-depth
information on several models, a promising
technique that can yield precise estimates in a range
of applications, namely machine learning. A
comprehensive review of studies dedicated to
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applications of machine learning in agriculture is
presented in this paper. It focuses on the
classification, regression, and clustering of corn
crop evaluation. This paper also covers different
approaches, techniques, and models of machine
learning algorithm, including supervised and
unsupervised learning. It also discusses and
compare the advantages and limitations, trends and
gaps, and patterns of each model based on its
performance on a labelled and unlabelled dataset.
The aim of this paper is to provide valuable insights
into identifying various machine learning algorithm
and choosing the appropriate model for certain
problem situations needed to resolve, particularly in
the corn crop quality evaluation.
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